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Abstract

The Formation and Growth of Collaborative Online Organizations

Jeremy Foote

Collaborative online organizations have emerged as a new means of production, character-

ized by self-organizing volunteers making contributions to information-based public goods.

There has been a large amount of research into understanding how large-scale collaborative

online organizations like Wikipedia, Linux, and OpenStreetMap work, and we are starting to

understand them. However, thousands of new attempts at volunteer collaboration are created

every day, with most never gaining more than a handful of contributors. I argue for an ap-

proach that studies these new, small organizations based on “open systems” theories, which

treat organizational outcomes as the result of individual-level decisions. From this perspective,

environments shape and are shaped by the decisions people make. I draw from literature on

related contexts like social movements, work groups, and voluntary organizations to theorize

about how technological affordances and the state of the system influence why people create

and participate in early-stage groups. I describe the four projects which make up this disserta-

tion, and which draw on this approach. Taken together, these projects provide evidence that

decisions to participate in or found an online organization are influenced by past experiences
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and by the environment of existing organizations. They also find that social structures are less

important for predicting behavior than previous theory would predict. Finally, they suggest

the importance of low participation costs and switching costs in understanding both individ-

ual decisions and higher-level outcomes. I conclude with a discussion of the implications of

these findings and an explanation of opportunities for future work.
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CHAPTER 1

Introduction

At a time when the Internet is most often viewed as a source of bigotry, polarization, and

antagonism, cooperative online organizations provide some reason for hope. Projects like

Wikipedia and Linux continue to motivate hundreds of thousands of people to contribute

to public goods without financial remuneration. Their outputs are products which provide

enormous benefit to the world; understanding how they work and how to increase the scope

of public goods production is an important social problem.

Most of the research on collaborative online organizations has focused on large, successful

projects: how people are motivated, how they self-organize, and whether they really produce

high-quality outputs (Benkler, Shaw, & Hill, 2015). Among many other important findings,

this research has shown that these organizations are characterized by low-cost contributions

and fluid boundaries.

These conditions lead to a dynamic system, where organizations grow and shrink as people

move between them. While we are starting to get a sense of how large individual collaborative

online organizations work, we know very little about how the population of organizations

works as a whole. We have only a limited understanding of basic questions such as: Why are

there so many small collaborative online organizations? Why do some organizations succeed

and grow while most do not?

The limited attention to these population-level questions has primarily focused on pre-

dicting growth and survival of individual communities. For example, researchers have looked
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at the features of an organization and its members (Cunha, Jurgens, Tan, & Romero, 2019;

Kairam, Wang, & Leskovec, 2012; Schweik & English, 2012) as well as the features of the en-

vironmental conditions in which an organization exists (TeBlunthuis, Shaw, & Hill, 2017; H.

Zhu, Kraut, & Kittur, 2014) to predict individual community outcomes.

In this set of empirical projects, I take a distinct approach by considering organizations

and populations of organizations as the result of individual decisions. In this dissertation I ask

and begin to answer: In a complex social and communication environment with low barriers

to entry and exit, how do people decide whether and where to allocate their efforts?

For most of these papers, I focus on the early stages of an organization: a time when un-

certainty is greatest and decisions among organizations are most salient. In this first chapter,

I make a longer argument for studying individual decisions, summarize the research on col-

laborative online organizations, and discuss the importance of studying the early stages of

organizations explicitly. I argue that online platforms and computational methods provide us

with a unique opportunity to study decision-making and “systems” of public goods. I then de-

scribe the four projects that make up this dissertation, each of which takes a different approach

toward understanding the forces at work in early-stage decision-making and group processes.

Overall, this work provides evidence that online organizations cannot be understood in

isolation. The socio-technical constraints of online organizations—in particular, the low trans-

action costs—cause many of the processes of individual decision-making and group growth to

be deeply influenced by the environment in which a project exists. Our results paint a pic-

ture of people navigating a complex environment, making decisions based on past and current

experiences and relationships, and leading to a system of online organizations which is inter-

dependent, contingent, and difficult to predict. These findings have implications for how we
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conceive of and study these organizations, but also for how we understand opportunities for

cooperation. I discuss these conclusions and implications in more detail in the final chapter.

1.1. Collaborative Online Organizations

I use the term collaborative online organizations (or COO) to refer to groups that form

and organize online to meet collective goals. In other words, they are the organizations that

engage in commons-based peer production (Benkler, 2006) and open collaboration (Levine

& Prietula, 2013). While many of the COO that I study are very small, I follow the liberal

definition of an organization given by Farace, Monge, and Russell (1977) as groups of two or

more people who take in inputs from the environment and work interdependently to create an

output that meets shared goals. I focus most closely on groups like wikis or OpenStreetMap

that have as their explicit goal the production of a single, public artifact.1

The outputs of these organizations are public goods. Public goods share two properties:

people can’t be excluded from using the good and use by one person doesn’t diminish use

by another; canonical examples include clean air and public parks. Classic theories of collec-

tive action and public goods suggest that self-interested people would not contribute to them

because they can enjoy the benefits whether or not they pay the price of contributing (Ol-

son, 1965). And yet, people do contribute to COO in huge numbers. In his groundbreaking

book on peer production, Benkler (2006) explains how internet technologies reduce transac-

tion costs in such a way that people can contribute to online public goods without strong in-

centives, arguing that social motivations are often sufficient. Benkler argues that when socially

motivated contributions can be successfully harnessed, the societal benefits can be enormous.

1The other platform that we study—reddit—can also be characterized as having a shared artifact of a ranked list
of posts and comments
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For example, Wikipedia is now nearly two orders of magnitude larger than Encyclopedia Bri-

tannica ever was, and receives billions of pageviews per month,2 providing richer information

to a vastly larger population than a market-based encyclopedia ever could. Finding the con-

ditions which encourage and allow for the production of more public goods should be a key

goal of social scientists. I believe that a better understanding of the processes that produce

collaborative online organizations can help us to meet that goal.

The success of COO in motivating and organizing volunteer labor is surprising and has

spurred research across communication, economics, management, and sociology. While it is

easy to see how the reduced transaction costs identified by Benkler (2006) would make con-

tributing to online public goods more appealing, other constraints of COO would seem to

make large-scale collaboration much more difficult. Research on the sociology of teams has

long shown that incentives, hierarchies, and social relationships are key drivers of coopera-

tion yet these projects typically operate without financial or market incentives, are organized

without formal hierarchies, and are composed of pseudonymous strangers with weak social

ties, who communicate almost exclusively via text (Benkler et al., 2015).

A body of research has grown around understanding how large collaborative online orga-

nizations overcome these problems. For example, researchers have shown that COO do not

present a pure collective action problem. While the artifacts of COO are public goods avail-

able to everyone, there are also “selective incentives” (Olson, 1965) to participation: benefits

that accrue to contributors that don’t accrue to consumers. These include learning, enjoy-

ment, mastery, and social relationships (Lakhani & Wolf, 2005; Nov, 2007; von Hippel & von

Krogh, 2003; von Krogh, Haefliger, Spaeth, & Wallin, 2012). Another strand of research has

2Wikipedia and Britannica sizes are from https://en.wikipedia.org/wiki/Wikipedia:Size_comparisons and
pageview data is from https://perma.cc/FP9E-DWZQ

https://en.wikipedia.org/wiki/Wikipedia:Size_comparisons
https://perma.cc/FP9E-DWZQ
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focused on how work is structured and power is enacted. While Benkler’s (2006) original work

for the most part ignored the role of structure and organization, research has found COO to

be complex spaces. For example, researchers have found that there is a pathway from periph-

eral to sustained participation (Arazy et al., 2017; Bryant, Forte, & Bruckman, 2005; Preece

& Shneiderman, 2009) which can be influenced by a newcomer’s early experiences (Halfaker,

Geiger, Morgan, & Riedl, 2013; Narayan, Orlowitz, Morgan, Hill, & Shaw, 2017). Others

have found that work practices are structured and organized via norms, policies, and emer-

gent hierarchies (Butler, Joyce, & Pike, 2008; Keegan, Gergle, & Contractor, 2013; Lakhani

& von Hippel, 2003; Shaw & Hill, 2014; H. Zhu, Kraut, & Kittur, 2013) and that experienced

members take on leadership and maintenance roles, both formal and informal (Arazy et al.,

2017; Matei & Britt, 2017; H. Zhu, Kraut, & Kittur, 2012b). In other words, this research

has found that large collaborative online organizations behave like organizations: they have

complex roles, rules, bureaucracy, and hierarchies.

However, even large COO differ greatly from traditional organizations like firms. In or-

der to succeed, projects need to have granular, modular outputs where contributions from dis-

parate people can be aggregated without too much complexity (Benkler, 2006). Large projects

require a core group of dedicated contributors (Butler et al., 2008; Matei & Britt, 2017) as well

as complex socio-technical systems to integrate newcomers (Halfaker et al., 2013), deal with

vandals (Geiger & Halfaker, 2013), and identify project needs.

1.2. Systems of collaborative organizations

While large-scale projects are successful at producing public goods, and we are starting to

understand how, we understand much less about the dynamics of the larger population of
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COO. The technological and institutional innovations that make large-scale COO possible—

particularly the extremely low costs of entry and exit—mean that organizations have very fluid

membership (Faraj, Jarvenpaa, & Majchrzak, 2011) and participants with diverse motivations

(Nov, 2007). The same conditions which make it easy for someone to contribute to a COO

also make it easy for them to contribute to a different COO instead, or to start a completely

new COO. We know very little about how people decide which COO to contribute to and

have difficulty predicting which organizations will succeed in their goals. For example, while

Wikipedia has been successful at creating an encyclopedia, efforts at wiki-based textbooks and

wiki-based news have been much less successful.3 Is the difference in these outcomes due to

differences in the nature of the task, the usefulness of available tools, differences in recruitment

strategies, or differences in the competitive environment (e.g., these efforts now exist in a

world with Instagram and Facebook, not to mention an already-successful Wikipedia)? Given

the large-scale benefits of successful public goods, it is important to understand better which

COO succeed, which ones fail, and why they fail.

One simple approach to studying community outcomes is simply to compare the COO

that succeed with those that fail. This approach has been fruitful, identifying the importance

of leadership and well-articulated goals (Schweik & English, 2012), inequality of participa-

tion, the speed of growth (Cunha et al., 2019), and the social network of current participants

(Kairam et al., 2012) as strong predictors of group growth and longevity. A related strain of re-

search looks at the role of design changes in influencing which COO grow, arguing that design

choices can help to increase commitment, onboard newcomers, and recruit new users (Kraut,

3Indeed, even other attempts at creating online encyclopedias failed (Hill, 2013)
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Resnick, & Kiesler, 2012). These perspectives focuses on understanding the individuals in a

group and their relationships, resources, and actions as drivers of community outcomes.

Another approach borrows from biology to understand the ecological relationship of

COO. In this tradition, initially applied to firms and volunteer organizations, people and

their time are resources that organizations fight over (Cress, McPherson, & Rotolo, 1997;

Hannan & Freeman, 1977; McPherson & Rotolo, 1996). This work often looks at how the

location of an organization in the resource space influences whether it grows and survives and

argues that relationships between groups are often more important than what happens within

them. Ecology approaches have only recently been applied to online organizations. The few

papers that exist show promising evidence that online organizations also experience competi-

tion and mutualism (TeBlunthuis et al., 2017; Wang, Butler, & Ren, 2013; H. Zhu, Kraut, &

Kittur, 2014), something we would expect given the ease with which people can move between

COO.

In sum, the two primary approaches to understanding community-level outcomes focus on

understanding how within-group features and between-group relationships influence a popu-

lation of COO. This dissertation builds on these approaches in two ways. First, by treating

the existence of groups as contingent rather than as given. We work to shed light on why and

how new COO are created and grow. Second, we treat individual decisions as the key driver of

community-level outcomes, and develop approaches to try to understand how those decisions

shape and are shaped by higher-level dynamics.
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1.2.1. Individual decisions and open systems

We study the influences on early-stage COO using a systems-based approach. I use the term

system in the same sense as an earlier generation of organizational communication scholars,

who were very interested in studying organizations as “open systems” (Farace et al., 1977; D.

Katz & Kahn, 1966; Rogers & Agarwala-Rogers, 1976). An open system is theorized to take

in inputs from the environment such as information or materials, process them, and produce

an output. Systems are made of subsystems; a firm may be made up of departments which

are made up of work groups. Systems at each level influence and are influenced by the other

levels. For example, the structure of a firm influences the communication load experienced

by work groups and influences how they do their work (Farace et al., 1977). This perspective

focuses on understanding processes, feedback loops, and the interrelationships between levels

of analysis.

Typical organizational communication research from this tradition is at the level of work

groups or departments, usually within firms. Some of the descendants of this approach in-

clude network analysis and collective intelligence, which explicitly recognize the importance

of relations between people and across levels of analysis in understanding group and system

outcomes (Kittur, Lee, & Kraut, 2009; Monge & Contractor, 2003; Welles & Contractor, 2015;

Woolley, Aggarwal, & Malone, 2015).

However, each of these literatures, as well as the group literature and management litera-

ture, typically stops at the border of the group, treating the existence and composition of a

group as given and static. In the context of COO, groups and their memberships emerge from

the bottom up rather than being determined by a CEO or management team. Group mem-

bership is fluid and boundaries are incredibly porous; understanding the dynamics of group



27

Technological 
Affordances
(Costs to contribute, create new 
communities, etc.)

Individual Attributes
(Free time, resources, interests, 
etc.)

State of the System
(Community existence, 
community activity levels, state 
of artifacts, social relationships)

Individual Decisions
(Participation levels, community 
creation)

Figure 1.1. A conceptual model of how people decide whether and how to par-
ticipate in collaborative online organizations. Decisions are influenced by at-
tributes of the person, affordances of the platform, and the state of the system.
Each decision then changes the state of the system in small ways, potentially
influencing the decisions of others.

membership is key to understanding which groups meet their goals. And understanding the

dynamics of group membership means understanding how individuals make decisions. From

this perspective, COO participants are perpetually confronted with the question of how to

allocate their efforts, with thousands of projects to choose from and few technical barriers

to moving between them. We ask how people make these decisions and in particular how

their experiences, relationships, and the current state of the system influence the decisions

they make. We then use the theoretical and methodological approaches borrowed from these

literatures to study how individual-level decisions recursively produce and reproduce higher

level outcomes.
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This perspective is visualized in Figure 1.1. The core of the model is individuals deciding

how to interact with a set of collaborative online organizations. They can contribute to an

existing COO, communicate with other COO participants, or create a new COO. These

decisions are influenced by three primary factors: attributes of the person, affordances of the

COO platform, and the state of the system.

Attributes of the person include things like their preferences, technological skills, and free

time. How much someone participates, what COO they participate in, and what types of

contributions they can make are obviously related to these personal attributes.

The second factor is the affordances of the COO platform. COO participants are vol-

unteers with no financial incentives and extremely low barriers to entry and exit. They are

engaged in producing a shared, continuously updated electronic artifact that is also a public

good. They do this (typically) using pseudonyms and computer-mediated communication.

While there is little research on early-stage COO explicitly, we can borrow from research in

other contexts to predict how people’s decisions might be influenced in this context. For

example, by making it dramatically easier for people to move between COO or to start new

COO, technological affordances increase not only the amount of participation but can change

who participates and what types of COO they create.

The final factor is the state of the “COO system.” Using the open systems perspective,

aspects of the larger environment can influence how an individual or group acts.4 For example,

strong social connections within a given COO might encourage someone to participate more.

They might also learn about new communities through social ties. Another influential aspect

4This link between macro and micro phenomena has long been important to sociologists. My approach draws
heavily on “Coleman’s boat,” outlined in Coleman (1990), which focuses on connecting macro level features to
individual decisions.
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at the COO-level is the state of the artifact: for example, a project that feels nearly complete

may have difficulty recruiting participants. At the population level, the existence and relative

activity levels of COO may influence participation decisions. When COO cover the same

topic, for example, people must choose how to allocate their effort between them.

The state of the system is not only an input into decisions but is an outcome of these

decisions. One person’s decision to start a new COO or to make a contribution changes the

state of the system and influences how others decide what to do. Community-level outcomes

such as COO size, longevity, and influence result from the aggregation of interdependent

decisions made by individuals.

1.2.2. Analytical approach for studying systems of COO

Earlier researchers often complained about the difficulty of collecting the necessary data to

test theories about interacting systems. For example, Rogers and Agarwala-Rogers (1976) dis-

cuss the need for longitudinal data to explore mutually causative communication processes

but bemoan the expense and the risk of respondents being influenced by the data-gathering

process (p. 19) while Monge, Farace, Eisenberg, Miller, and White (1984) claim that organi-

zational communication processes were well-theorized but not empirically validated in large

part because of the perceived difficulty of collecting and analyzing data.

Collaborative online organizations provide exactly the sort of data these researchers dreamed

of. Many COO track granular measures of contribution and communication activity over

time. In addition, they are an ideal setting for the type of inter-organizational systems re-

search I have proposed because not only do people often move between organizations, but
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COO platforms track activity of the same people across communities. This rich observa-

tional data can be used to track the decisions that individual people make as they navigate

and co-create a system of COO. For example, Tan (2018) looked at redditors’ previous activ-

ity patterns to predict whether and when they would join a new community. We combine

this sort of observational approach with survey data to get a richer sense of how people make

decisions in COO. Finally, we complement these two empirical methodological approaches

with agent-based simulations. Agent-based simulations let us take theories about individual

decision-making and simulate the macro-level implications of agents acting according to those

theories. We use simulation to explore how different models of exposure to new commu-

nities and participation decision-making result in different distributions of participation and

community size.

1.2.3. Early-stage collaborative organizations

We apply this theoretical and analytical framework to study the creation and early-stage behav-

ior of collaborative online organizations. While about half of all new firms are still in business

after five years (Artinger & Powell, 2016), the median open source project never gains a second

contributor (Schweik & English, 2012). From open source software to wikis to online discus-

sion communities, most COO are small and short-lived, with very few contributors and very

few contributions. If we want to understand which COO succeed and why, as well as how to

help more beneficial COO to succeed, then we need to focus on new and small communities.

Despite the prevalence of small COO, the vast majority of research focuses on the few large

projects.
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This dissertation focuses on understanding what happens at the early stages of a COO’s

lifecycle. While it is tempting to assume that the factors which predict the success of an estab-

lished community will apply to a new community, there are reasons to expect that early-stage

communities differ in their goals (Tuckman & Jensen, 1977), their composition (Rogers, 1962),

and their structure (Shaw & Hill, 2014). Individuals in these communities are thus faced with

a unique set of decisions. It is likely that these early-stage decisions have positive feedback

loops (e.g., having lots of early members makes it easier to recruit more members; Resnick,

Konstan, Chen, and Kraut, 2012), giving these decisions outsized importance. The fact that

so many new COO fail suggests that these early-stage decisions are difficult to get right.

Below I give a summary of four projects, each of which examines decision-making through

the lens of open systems. This conceptual and methodological approach to studying systems

of COO evolved iteratively through the course of pursuing these projects, and the papers are

presented in chronological order. In the first project, focused on the relationship between

social structure and retention and productivity, we treat groups as independent and only con-

sider group-level features and group-level outcomes. In the second project, we hone in on

COO foundings, with a focus on how environmental factors influence founding decisions. In

the third project, we start to tie individual decision-making to community-level outcomes by

studying how experiences and relationships influence whether an individual decides to start a

new COO and whether it grows. Finally, the last project seeks to explicitly connect individual

decision-making strategies about joining and leaving COO to system-level outcomes through

simulation. A brief summary of each project is given below.
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1.3. Project 1: Communication networks do not explain the growth or survival of

early-stage peer production projects

In the first project, we build on a rich research tradition exploring relationships between

intra-group dynamics and two group outcomes: productivity and longevity. Productivity

has received a lot of attention in the COO literature, although much of it has focused on

large COO. We know that these large projects rely on a dedicated core who do much of the

administrative and policy-enforcing work (Crowston & Howison, 2005; Cunha et al., 2019;

Matei & Britt, 2017) and a larger group who self-select into various roles (Arazy et al., 2017;

Keegan, 2015; Welser et al., 2011). Much of this work is supported by autonomous bots who

help to control vandals and enforce norms (Geiger & Halfaker, 2013; Halfaker et al., 2013).

At an individual level, people are motivated to contribute in order to learn, to socialize, to

have fun, or as a part of their identity (Nov, 2007; H. Zhu et al., 2012b).

There has also been some work on why individuals continue their participation in large-

scale COO. Many of these studies focus on newcomers, finding that those who have negative

early experiences are likely to leave (Halfaker et al., 2013; TeBlunthuis, Shaw, & Hill, 2018).

It is not clear how these motivations and tools work in early-stage COO, when there are far

fewer people. For example, there is evidence that a more open system of production is replaced

by more bureaucracy and structure as a project grows and ages (Shaw & Hill, 2014). There

are also reasons to believe that the set of people who join early-stage communities may be

different, and have different motivations than later participants. For example, early adopters

are likely to be less risk-averse than others Rogers and Agarwala-Rogers (1976).

For insight into how productivity and retention work in early-stage COO we can also

turn to the work group literature. Research on group processes in work groups suggests the
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importance of coordination and social integration in supporting productivity (Ilgen, Hollen-

beck, Johnson, & Jundt, 2005). Coordination and social integration happen through social

and communication networks, and structures of communication are often used to measure

how integrated and connected groups are. Consistent with these theories, work groups which

are integrative, with high density and low hierarchy, are more successful along multiple di-

mensions (Balkundi & Harrison, 2006; Cummings & Cross, 2003).

The constraints of online peer production, such as text-based communication and low

barriers to exit, should lead integrative structures to be even more important in predicting

group outcomes. Empirically, studies of participants in large, successful projects suggest the

importance of socialization in large COO (Bryant et al., 2005; Preece & Shneiderman, 2009)

and theories about group formation suggest that integrative communication structures are

vital in newly formed groups as they negotiate group goals and establish norms (Tuckman &

Jensen, 1977).

The context for this study is the online wiki hosting platform Wikia.5 Wikia hosts tens

of thousands of wikis on various topics, ranging from popular media topics to recipes to aca-

demic job postings. Like many work groups, wiki contributors are engaged in understanding,

synthesizing, and representing knowledge through the creation of an artifact. This similarity

in task makes it reasonable to assume that wiki communities have similar sorts of coordination

and socialization needs, and that theories from work groups should apply in this context.

We create measures of how integrative the communication networks are in over 1,000

early-stage wiki communities. We use these measures to predict two outcomes reported as

important to wiki founders (Foote, Gergle, & Shaw, 2017): the quantity of information added

5Wikia has recently changed their name to Fandom.
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to the wiki and the longevity of the community. Specifically, we create networks based on co-

editing on “talk pages” and use these networks to measure hierarchy, centralization, density,

and integration. We use a negative binomial regression model to predict how much content a

community will add in the first 700 edits and use a Cox proportional hazards model to predict

how long until a community goes 30 days without having multiple editors.

Contrary to theory and findings in the work group literature, and contrary to our expecta-

tions, we find that the structure of a community has little relationship with its productivity or

its longevity. None of our measures show a clear relationship with either outcome, and when

taken together they did not statistically improve model fit over a model with only controls.

Our model of decision-making provides provide a few possible explanations for these sur-

prising findings. The first is that the affordance of a shared artifact (the wiki) can act as a

partial substitute for communication. The wiki content can perform many of the functions

that communication performs in face-to-face communication, such as coordinating activity

and socializing group members. In this way it acts as a kind of “boundary object” (Lee, 2007).

As people edit and view each other’s work, the artifact can becomes a location for the creation,

propagation, and debating of norms. It may thus partially replace explicit communication as

a tool for negotiation, exercising power, and socialization.

Shared, editable artifacts can also produce “stigmergic coordination.” Stigmergy is a means

of coordinating group behavior by changing aspects of the environment rather than through

explicit communication (Bolici, Howison, & Crowston, 2016). A classic example is an ant

leaving a pheromone trail. In many COO contexts people can do things like create links to

empty wiki pages or write class methods that don’t do anything as a way to signal to others

about what future work should be done.
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A second explanation for our findings is based on a systems-level argument. In a work

team, there are plenty of opportunities for individuals to do less or worse work; communica-

tion and social integration may help people to see the group as part of their identity. When

that happens, people are more willing to contribute to group goals (Van Knippenberg, 2000).

In the context of COO, the barriers to entry, exit, and formation are low, so there are many

different groups that someone can contribute to. There is therefore a strong self-selection

process, and those who choose to join a given group are likely much more dedicated to the

topic than the general population. If someone already has a strong connection to a COO’s

goals then social structures may have a lower marginal influence on their group identity or

willingness to contribute.

Both of these ideas present implications for public goods production to be tested in future

work. For example, if artifacts do so much of the heavy lifting, then this suggests that projects

that do not support stigmergy may have trouble coordinating their work. Our results also

suggest that promoting more integrative social structures may not be effective in improving

group outcomes, but that COO should concentrate on identifying people who are already

interested in the topic.

1.4. Project 2: Motivations and Goals of Wiki Founders

Project 2 and Project 3 focus on the decision to start a new collaborative online organiza-

tion. Thousands of new COO are created every day, yet there has been very little empirical

research into how or why people start them. Indeed, the volume of new COO present a the-

oretical puzzle: In a system where failure is so common, why do people continue to start new

communities?
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One possible explanation is given by Kraut et al. (2012). In their influential book on de-

signing online communities, they acknowledge the lack of empirical evidence around found-

ings but theorize that while founders and early users don’t get financial rewards, they may

gain additional benefits and power compared to later users if a community grows large. These

benefits thus incentivize participation in new communities.

These sorts of conditional benefits for founders parallel the structure of rewards in firms,

where entrepreneurs receive outsized benefits if and only if a firm succeeds. Entrepreneurship

has been well-studied and provides a useful baseline for what we might expect to see in COO.

Like COO founders, entrepreneurs are working to recruit a group of people to meet a col-

lective goal. A major strand of the entrepreneurship literature has studied which people are

more likely to become entrepreneurs and which entrepreneurs are more likely to succeed (e.g.

Anderson & Miller, 2003; Backes-Gellner & Moog, 2013; Lazear, 2004).

In both of the papers studying founders, we start with these findings about entrepreneurs

and ask how founders might differ in this context, where recruits are volunteers, founders

do not receive financial rewards for success, and the difficulty, costs, and risks of founding a

new organization are so much lower. Conceptually, we build on Project 1 by 1) focusing on

individuals rather than groups as the level of analysis and 2) explicitly exploring the way that

past experience and one’s perception of the system influence decision-making.

Founders have an important role in the system of COO. We can think of the process

of creating new COO as the way that the COO system explores the possibility space. If

experienced users or men or high-SES people are much more likely to become founders then

we may be missing out on areas of the space of possible COO that would be successful.
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In addition, group foundings are difficult to study in many contexts and rely on retrospec-

tive reports. Having a data-rich environment where we can observe foundings as they happen

is a novel opportunity to advance our understanding of founding processes in contexts that

are more difficult to measure.

In the second project of this dissertation, presented and published at CHI (Foote et al.,

2017), we use a survey to understand the way that founders approach their decision to start

a new community. We asked founders about the purpose and goals for their communities,

about their experience and motivations for becoming a founder, as well as their perception of

whether they were starting generalist or specialist communities.

As we have argued earlier, much of the research on peer production focuses on the largest

projects. When researchers do study projects of different sizes, they often use community size

as a dependent variable, assuming that all projects are intended to grow large and that those

which do not grow are failures. However, the incredibly low costs of creating a community

lead us to predict that there may be a more diverse set of goals that people have for their

communities.

In order to understand the perspectives of founders as they were founding a new com-

munity, we worked with Wikia to send a survey to people immediately after they started a

new wiki. This project used survey responses from over 300 founders. We discovered that

founders had a mix of motivations. While the most common motivations were around the

desire to spread information about a topic and build community, many respondents reported

starting the wiki as a way to learn about the software or to work on personal projects such as

fanfiction.
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Founders also had varied goals. When we asked them to rank their goals, by far the most

common top goal was “high quality information about the topic.” Many others chose an active

or long-lasting community as their top goal. Contrary to the assumptions of much research

on COO, only 15 out of 331 respondents chose having a large number of contributors as their

top goal.

These findings support our overall model of how people make decisions (Figure 1.1). We

found strong evidence that affordance of lower founding costs leads to a large amount of di-

versity in the types of projects that can be attempted. We not only found evidence of diversity

in goals but also evidence of just how low the costs of founding are. When we asked how

long people had been thinking about starting their community, 46% of respondents had only

thought about it for "a few hours" or "a few minutes".

We also found evidence that founders are aware of and influenced by the larger system of

COO and seek to find topical niches where their projects are likely to be successful. Because

costs are so low, these niches can be incredibly narrow. When we asked founders about the

potential audience for their projects, 50% chose the response that “only a handful of people”

would be interested in the topic of their wiki. When we asked how many contributors they

expected in the first 30 days, the median response was 4. Respondents also explained that many

of them started a wiki about a topic explicitly because a wiki about that topic didn’t currently

exist. They intentionally sought out niches with low competition. And so, technological

affordances and the state of the system influenced individual decisions, encouraging people to

create small, niche communities.

These findings also have implications for how we understand online community outcomes.

We should not assume that growth is the goal. By ignoring other aspects of success which are
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more important to founders (and likely to community members) we are missing out on COO

which are successful without growth. A related point is our finding that small communities

are intentional and diverse. They are not simply a sample of larger COO which happened

to get unlucky. Rather, they are attempting to do different things, in different ways. These

small-scale, temporary organizations deserve additional scholarly attention.

1.5. Project 3: The Behavior and Network Position of Peer Production Founders

The survey approach in the second project gave us data about why founders became founders

and how they perceived the purposes of their COO. However, this approach cannot tell us

anything about all of the people who don’t become founders. In the third project we use

digital trace data to explore how past experience and position in social networks relates to a

person’s likelihood of founding a community, as well as whether or not their communities

grow. As in the first two papers, we use theories and research from existing contexts (primar-

ily entrepreneurship) to guide the questions that we ask, and to compare how the constraints

of COO alter which people become founders, how much influence they hold, and what kind

of groups they create.

There are a number of theoretical and empirical reasons to believe that starting a new

community is very different from joining an existing community. Empirically, we see that

in contexts like entrepreneurship, those who begin new businesses are different from those

who don’t: for example, they have more diverse experience (Backes-Gellner & Moog, 2013)

and experience working with other entrepreneurs (Nanda & Sørensen, 2010). While there is

almost no direct research on COO founders, theories suggest that people who join early-stage

communities have different motivations than later participants (Resnick et al., 2012).
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In this paper, which was presented and published at iConference (Foote & Contractor,

2018), we again use digital trace data from Wikia. We record different types of data from

three different periods in time. First, we created behavioral and network measures for over

60,000 users who made at least one edit in March or April of 2009. We then recorded the

first three contributors to all of the new wikis created in May and June of 2009. Finally, we

looked at the number of contributors that participated in each of these new wikis from their

founding until January 2010. We used this data to compare the activity and network position

of Wikia founders to non-founders and we identify differences between these populations. We

also explored the relationship between these measures and the number of contributors a wiki

gains.

We find that the vast majority of founders are very new users who don’t even appear in our

dataset (i.e., had zero edits in March or April). Among those founders who are not brand new

users, we find that founders, despite the differences in constraints, are similar to entrepreneurs.

Like entrepreneurs, they are more likely to have diverse experience and experience with newer

communities. They also have more experience than non-founders, and we find some evidence

that they are on the periphery of the social networks on Wikia.

When we look at the relationship between founder measures and community growth,

there is a lot more noise and founder measures explain very little of the variation. There is

some slight evidence that founders whose communities grow are more central in social net-

works, but the overall finding is that past behavior and network position do not explain com-

munity growth very well.

One key constraint of COO is that founders have few tools for incentivizing others to par-

ticipate. Unlike entrepreneurs, who can use financial incentives to meet their goals, founders
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must motivate volunteers who can easily leave at any time. On the flip side, founders also re-

ceive fewer personal benefits from the success of a project. Unlike firms, online communities

can be seen as public goods (Olson, 1965) and founders are not typically enriched by success.

Taken together, these constraints help to explain why founders may not have as much influ-

ence over their communities.

COO platforms also have very low barriers to creating new communities. This helps to

explain our finding that COO were very likely to have been started by new users. Low barriers

also lead to changes in the purposes and goals of a project, as we learned in Project 2. When

a new firm is started, it requires capital investment and financial risk. Therefore, one of the

goals of the firm must be to grow large enough (in size and market capture) to repay those

investments. By reducing these constraints, online platforms allow for communities to be

formed which draw from a larger set of purposes and goals. Thus, we may be underestimating

the influence of founders when we only focus on growth as an outcome.

Finally, we discussed how a biased process (e.g., if only experienced users started new com-

munities) could lead to a system that does not explore the entire space of possible projects. Re-

search suggests that peripheral COO users are more diverse than long-time participants (Shaw

& Hargittai, 2018). This being the case, our finding that most wikis are started by new users

suggests that the process of founding is relatively inclusive and the system of COO explores

the space relatively broadly. We expect that this is again a function of low costs: when the

barriers to project creation are low enough then new users can provide new ideas. Of course,

there is still plenty of room for biases to influence foundings. For example, while founders are

likely to be new users, it is possible and indeed probable that women and girls are less likely to
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learn about or become users in the first place (Shaw & Hargittai, 2018). It may also be more

difficult for certain people or types of projects to gain contributors once they are founded.

1.6. Project 4: Social exposure and participation processes in online communities

The final project is the most explicit attempt to model the process outlined in Figure 1.1. In

this paper, versions of which were presented at ICA and IC2S2, we attempt to explicitly model

the relationship between individual decision-making and higher-level systems of COO.

Social computing researchers have developed a number of theories about how individuals

are exposed to new online communities and COO and how they decide whether or not to

participate in a given community (Panciera, Halfaker, & Terveen, 2009; Preece, Nonnecke, &

Andrews, 2004; Ren et al., 2012; Resnick et al., 2012, e.g.). These theories are rich descriptions

of individual-level behavior but rarely consider the higher-level implications.

We argue that one reason for this is the difficulty in moving from individual-level models to

group-level or population-level outcomes and argue that agent-based simulation can be used

for this purpose. We can create agents who act according to social computing theories and

simulate their behavior. If their behavior captures important aspects of how people behave

in the real world, then simulated populations should exhibit the same macro-level patterns

of behavior seen in real COO platforms. In this paper we focus on two outcomes which are

closely related to exposure and participation decisions: the distribution of community sizes

and the distribution of the number of communities which each person participates in, which

we call the “participation rate.”

We attempt to model participation decisions and exposure in ways that capture the main

aspects of previous research. This is easier for participation decisions, as Resnick et al. (2012)
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already created a mathematical model to describe how people decide whether to join a com-

munity. They claim that people estimate the future size of the community in order to estimate

the benefits they will receive (e.g., information, friendship, etc.). If these benefits outweigh the

costs (e.g., learning new norms, new software, etc.) then they will join the community. We

model exposure using a simple word of mouth model, whereby agents learn about new com-

munities through people who belong to their current communities. We simulate each of these

models working independently and then simulate a model where both of these mechanisms

are working together.

We show that while neither theory by itself is a good match for the empirical data, the

combined model produces heavy-tailed distributions for community size which look quite

similar to what we see empirically. This suggests that word of mouth exposure combined

with participation rules that prioritize quickly growing communities are a plausible partial

explanation for skewed community sizes.

This combined model also produces the most skewed participation rate, although even in

this model participation is not nearly as skewed as in real online platforms. We identify a few

possible sources of additional inequality, including heterogeneity in free time or interests as

well as untheorized cumulative advantage mechanisms whereby people who are already active

in many communities are likely to participate in more. We conclude with a discussion of the

promise of agent-based simulation for social computing research.

1.7. Key findings

These projects present a novel approach to thinking about how collaborative online orga-

nizations work. Rather than treating organizations as the focus of study, we show how a focus
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on individual decisions can illuminate both individual behavior and help us to understand the

mechanisms behind community outcomes.

This approach led to a unique set of research projects which challenge a number of as-

sumptions and findings about collaborative online organizations and human behavior. First,

we find that people’s participation decisions are influenced both by their past experience as

well as by the current state of the system. Second, we learned that small, temporary commu-

nities are intentional and meet needs that that neither traditional organizations nor large-scale

COO can. Third, we find evidence that—unlike work groups—early-stage COO are not held

together through social ties. Rather, they are motivated by a shared interest and goal and co-

ordinate much of their work through a shared artifact. Finally, we theorize that the low costs

to create and participate in COO are behind many of the dynamics that we observed, from

how individuals decide whether to start a new COO to how rich-get-richer dynamics emerge

in populations of communities.

The following four chapters contain full papers for each of the projects. The final chap-

ter summarizes and expands on the key insights from this dissertation and charts out future

directions for research.
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CHAPTER 2

Communication networks do not explain the growth or survival of

early-stage peer production projects

Jeremy Foote
Northwestern University

Aaron Shaw
Northwestern University

Benjamin Mako Hill
University of Washington

Communication enables coordination and social integration in collaborative

groups. In the contexts of work groups and teams, prior research finds that

more dense and integrated communication structures support better perfor-

mance. We explore the relationship between communication structure and

group performance in a population of early-stage peer production wiki com-

munities engaged in the collaborative production of shared information re-

sources. We theorize that there is an especially strong need for coordination

and social integration in small, newly formed online communities, and that

communities with relatively more integrative communication networks will

be more successful. We test this theory by measuring communication net-

work structure and group outcomes in a population of 1,002 nascent wikis.
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Contrary to prior literature and our expectations, we find a very weak rela-

tionship between communication structure and collaborative performance.

We suggest a number of explanations, including the role of shared artifacts

in coordinating work and integrating newcomers.

2.1. Introduction

Work teams perform best when members of the team are socially integrated and when the

team is efficient in coordinating its activities. A large body of research has shown that socially

integrated and effective coordination are enabled by and reflected in patterns of communi-

cation. High performing teams have communication networks which are more dense, less

hierarchical, and more integrative (Balkundi & Harrison, 2006; Cummings & Cross, 2003;

Reagans & Zuckerman, 2001).

Nearly all of this research has studied work groups consisting of paid employees, typically

coordinating face-to-face on projects which they are assigned to. The Internet has made new

ways of organizing production possible that produce enormously valuable information goods

without firms, payment, task allocation, or face-to-face interactions. What do productive com-

munication structures look like for these groups?

Commons-based peer production communities like those that produce Wikipedia and

open-source software are engaged in complex information resource creation and organization.

However, they are composed primarily of unpaid volunteers with minimal formal hierarchy

who rarely meet face-to-face. If successful work groups require dense, integrative networks

even when working and talking face-to-face, it seems like integrative structures would be even

more important for group performance when communication happens only via text and when
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group members can leave at any time without financial or career consequences. These patterns

of communication should be particularly important in newly formed groups, which engage

in establishing norms and priorities (Tuckman, 1965).

We use an extensive population of new peer production projects—1,002 online wikis from

Wikia—to identify the network communication structures that are associated with higher

rates of community productivity and longevity. Surprisingly, we find that network structure

does not predict the performance of networked organizations producing networked artifacts.

We find that neither productivity nor longevity have a discernible relationship with measures

of integrative network structure. We discuss two ways in which the affordances of peer pro-

duction might explain the results we find. First, early-stage wikis may require less coordination

and social integration than work groups. Second, peer production groups can coordinate via

artifacts in ways that traditional work groups may not be able to. This “stigmergic” coordi-

nation allows them to coordinate work and priorities without direct communication. Our

findings suggest that these affordances allow peer production groups to work together and

survive without the social structures previous research has suggested as necessary for small

groups to function.

2.2. Background

2.2.1. Coordination & Social Integration in Organizations

Many groups and organizations use communication to engage in complex coordination and

information-sharing activities that advance their collective goals. An input-process-output (I-

P-O) model of team functioning provides a framework for understanding this, where the inputs
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are the attributes, knowledge, and resources of team members, the process includes the inter-

action between team members, such as information sharing, social influence, and communi-

cation, and the output includes the work produced as well as changes to the team members or

their relations to one another (Ilgen et al., 2005; Mathieu, Maynard, Rapp, & Gilson, 2008).

Two of the most important aspects of the ‘process’ portion of the I-P-O model are coordi-

nation and social integration. Coordination involves linking together different actors towards

collective tasks (Van De Ven, Delbecq, & Koenig, 1976). The amount and type of coordina-

tion needed depends on the tasks a group is engaged in. For example, more interdependent

processes require more coordination (Tushman, 1979; Van De Ven et al., 1976). One type of

coordination occurs at the organization level, allowing teams to build a shared understanding

of their goals and what needs to be done (Mathieu, Heffner, Goodwin, Salas, & Cannon-

Bowers, 2000). Another type of coordination occurs at the resource level, as team members

learn who has various resources or capabilities and how to access these resources (Kotlarsky,

van den Hooff, & Houtman, 2015; Wegner, 1987).

While different communication network structures can work better for different group

or task types, dense, fairly egalitarian, well-integrated networks allow information to flow

efficiently (N. Katz, Lazer, Arrow, & Contractor, 2005). These structures may be especially

important in groups collaborating over computer-mediated communication channels since

these groups often have more difficulties coordinating their work (Gibson & Gibbs, 2006;

P. J. Hinds & Bailey, 2003; Kotlarsky et al., 2015) and creating shared understanding (P. J.

Hinds & Mortensen, 2005).
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Building shared understanding requires social integration, which is the second important

group process. Virtual teams, work groups, and other collaborative groups are social organi-

zations whose ability to process inputs relates to their degree of social cohesion. Communica-

tion is especially important in helping to create social integration (Gibbs, Kim, & Ki, 2016).

Through communication, new members learn about group norms and expectations and start

to identify as a member of the group (Scott, 2007). When group members see group member-

ship as a key part of their identity they are more willing to sacrifice their own goals in order

to contribute to the group’s goals (Van Knippenberg, 2000). This social integration tends to

support effective and long-lasting collaboration.

Inclusive, integrative communication structures allow for and reflect effective patterns of

coordination and social integration. A large body of empirical research by communication,

organization, and psychology scholars has studied the relationship between communication

patterns and group performance in firm-based work groups and distributed or virtual teams.

Overall, this research finds that highly integrated communication structures correlate with

better task performance (Balkundi & Harrison, 2006; Cummings & Cross, 2003; P. J. Hinds

& Kiesler, 2002; Reagans, Zuckerman, & McEvily, 2004).

It is much less clear how these results might apply to other types of teams. Because nearly

all of the previous research has studied firm-based teams, Cummings and Cross (2003) call for

a better understanding of “. . . informal organizations where there are performance goals, yet

there are not constraints from formal hierarchy or other cultural norms that impose struc-

tures” (p. 209). Our work takes up that call.
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2.2.2. Communication networks in commons-based peer production

Specifically, we consider the relationship between communication networks and performance

in the context of commons-based peer production (CBPP). Coined by Benkler (2002), “commons-

based peer production” describes a mode of organizing the creation of publicly accessibly

information goods through the mass aggregation of many small contributions. The most

well-known examples of CBPP are Wikipedia and open-source software like GNU/Linux and

Firefox. These projects have been able to coordinate the efforts of hundreds of thousands of

volunteers to create products that often outcompete market-based alternatives (Benkler, 2006).

CBPP projects differ from firm-based work groups along a number of important dimen-

sions, including organizational structure, membership composition, and communication tools

(Benkler, 2016). In terms of organizational structure, CBPP projects rarely have clear, formal

governance or management hierarchies when they begin. While a small number of users have

technological tools (e.g., for banning vandals), these users do not typically make assignments or

organize tasks. In terms of membership, CBPP participants are primarily volunteers who can

come or go at will, rather than paid employees. Finally, communication in these projects typi-

cally happens through text-based, computer-mediated channels rather than face-to-face, which

makes coordination both more important and more difficult (DeSanctis & Monge, 1998; Gib-

son & Gibbs, 2006; Wiesenfeld, Raghuram, & Garud, 1998).

At first blush, it seems like this open, participatory structure would lead to similarly egal-

itarian structures of communication and participation resembling the integrative networks

characteristic of effective work groups and virtual teams. However, prior research indicates

that many of the largest CBPP projects possess extremely unequal levels of participation with

a group of core contributors who make most of the contributions, supplemented by a “long
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tail” of more peripheral contributors who each add very little (Keegan et al., 2013; Matei &

Britt, 2017; Schweik & English, 2012). Similar patterns characterize the communication net-

works of these mature projects, with sparse networks which have many contributors on the

periphery (Crowston, Wei, Li, & Howison, 2006) and high levels of hierarchy (Crowston &

Howison, 2006). These patterns likely stem from the incredibly low barriers to entry and exit

in CBPP which allow for incredibly low-commitment contributions, a dynamic which simply

doesn’t exist for firm-based groups.

However, this research suffers from a few limitations. First, it is descriptive rather than in-

ferential. That is, it does not typically seek to understand the relationship between differences

in network structures and project outcomes. These studies provide evidence that CBPP is

less integrative than work groups, but that does not mean that relatively less integrative CBPP

projects are more or less successful. There have been exceptions to this limitation, and a few

papers have compared community structures across projects. In this research, equality of par-

ticipation and network density typically have a negative relationship with performance and

community growth (D. Hinds & Lee, 2009; Qin, Cunningham, & Salter-Townshend, 2015;

Roth, Taraborelli, & Gilbert, 2008).

Even these papers often suffer from the second limitation, which is a focus on relatively

mature communities that have already produced substantial resources. While some work in-

cludes smaller communities (e.g. Kittur & Kraut, 2010; Roth et al., 2008; Schweik & English,

2012) or considers early stages of peer production projects directly (e.g. Foote et al., 2017), only

one small-scale study has explicitly examined the structure of early communities (D. Hinds &

Lee, 2009). The typical focus on popular, mature projects may explain the prevalence of hier-

archical, sparse, and unequal networks in the CBPP literature. As we discuss more extensively
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in the next section, there are a number of reasons to believe that early-stage communities differ

from large-scale projects in ways that predict a greater need for integrative networks.

2.2.3. Communication in nascent peer production communities

Our approach looks at a population of projects when they are at the same early stage. While

the largest CBPP communities boast millions of participants, most CBPP communities never

grow larger than a few members (Schweik & English, 2012). If we want to understand the

way that CBPP works—and when it doesn’t—we should focus much more attention on early

projects. Studying only the relatively rare large and successful projects “selects on the depen-

dent variable.” How might we expect coordination and social integration processes to occur

in early-stage CBPP and what sorts of communication structures would reflect productive and

long-lasting communities? The empirical evidence, primarily from large-scale CBPP projects,

suggests that dense communication networks are weakly, but negatively, associated with per-

formance (Qin et al., 2015; Roth et al., 2008). While it is tempting to assume that these findings

are common to all CBPP, there are a number of theoretical and empirical reasons to believe

that early-stage projects have a different composition of members and different objectives than

mature projects.

First, organizational theories suggest that groups go through different stages with differ-

ent communicative needs. For example, Tuckman (1965) claims that early groups go through

stages of orientation and norm creation before they can successfully cooperate. How, when,

and whether these group formation stages happen in CBPP is not well understood, but empir-

ical work suggests that CBPP communities do engage in different types of work at different
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stages. For example, Schweik and English (2012) find that open source software projects ex-

perience phases of growth, maturity, and decline. Distinct patterns of leadership, governance

arrangements, and collective behavior characterize each phase and explain variation in project

outcomes. Related research has found that as they grow communities become more structured

(Kittur & Kraut, 2010; Shaw & Hill, 2014; TeBlunthuis et al., 2018). This theoretical and

empirical evidence suggests that early-stage communities have different sets of needs such as

norm-formation and goal-setting, which should require inclusive, broad conversations among

group members.

Second, early-stage projects are likely composed of contributors who differ from later

users. CBPP projects have often been characterized as public goods and subject to theories of

collective action. According to these theories, early contributions often have a lower benefit-

to-cost ratio (Marwell & Oliver, 1993; Monge et al., 1998). For example, in our context wiki

founders must choose a name for the wiki, create navigation pages, and recruit contributors.

None of these activities directly contribute to the good of a shared information artifact. In

public goods like these, we would expect that more interested and more resource-rich indi-

viduals will choose to make early contributions (Marwell & Oliver, 1993). Indeed, empirical

work provides some evidence that contributors to new CBPP communities are more active

and experienced than others (Foote & Contractor, 2018). Related CBPP research shows the

importance of having a core group like this to coordinate work and integrate newcomers (Kit-

tur & Kraut, 2010). Those who have been integrated are more willing to contribute toward

group goals (Kittur, Pendleton, & Kraut, 2009) and are more likely to continue participating

in the community (Halfaker, Geiger, & Terveen, 2014).
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These theories suggest that members of nascent online communities are a more dedicated

set of participants engaged in work that requires more interdependence than mature projects.

Therefore, we expect early-stage CBPP projects to benefit from integrative communication

structures similar to those found in effective work groups. We use these insights to present a

number of hypotheses about the relationship between communication structures and project

success.

Scholars have measured success in CBPP communities in different ways, from member-

ship growth to artifact quality to contribution amount (Howison, Inoue, & Crowston, 2006;

Roth et al., 2008; Schweik & English, 2012; H. Zhu, Kraut, & Kittur, 2012a). We focus on

two outcomes which wiki founders reported as most important to them: the creation of infor-

mation (productivity) and building a long-lasting community (longevity) (Foote et al., 2017).

These outcomes also match up with the processes we have hypothesized as important, with

coordination processes relating more closely to productivity and social integration relating

more to community longevity. Communication structure can also be characterized in many

different ways. We borrow from the communication and management literature on teams

and networks to identify four features of communication structure: centralization, density,

hierarchy, and periphery size. We discuss how each feature relates to coordination and social

integration and make hypotheses about how each might relate to productivity and longevity

in early-stage CBPP projects.

2.2.4. Centralization

Centralization refers to variance in how many others each person in a network is connected

to. When a few people are much more connected than others, centralization is high. While
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higher variance in contributions correlates with CBPP community productivity (Kittur &

Kraut, 2010; Qin et al., 2015), theories of group formation suggest that highly centralized

communities will have difficulty in forming shared norms and coordinating who knows what.

H1a: Centralization will have a negative relationship with productivity.

By definition, a highly centralized community has many members who are are not well

connected to others and therefore have less opportunity to become socially integrated. People

who are not integrated are likely to leave the community.

H1b: Centralization will have a negative relationship with longevity

2.2.5. Hierarchy

Hierarchy in networks refers to how circular communication flows are. Hierarchy is high

when communication only moves one way. The intuition is that a network is hierarchical

if commands and communication move in one direction but not the other. While hierarchy

may reflect organization, it typically indicates problematic coordination and socialization pro-

cesses, such as contributors who aren’t willing to talk to each other. Hierarchy has been found

to have a negative association with work group outcomes (Balkundi & Harrison, 2006; Cum-

mings & Cross, 2003). While absolute hierarchy in CBPP is quite high due to low exit costs

(Crowston & Howison, 2006), theory and empirical evidence from work groups lead us to

predict that:

H2a: Hierarchy will have a negative relationship with productivity.

H2b: Hierarchy will have a negative relationship with longevity.
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2.2.6. Core membership

Peripheral contributors bring valuable information into CBPP communities (Gorbatâi, 2014;

Ransbotham & Kane, 2011) and large peripheries may signal the popularity and importance

of the project, encouraging others to contribute (Zhang & Zhu, 2011). On the other hand,

productive work groups have most of their members in the core, allowing them to integrate

ideas from all team members. We expect that nascent communities more closely resemble

these smaller teams, and the increased need for coordination and consensus at this early stage

of CBPP lead us to predict that a strong core is vital for coordinating and encouraging contri-

butions.

H3a: Core membership size will have a positive relationship with productivity.

Group longevity requires a subset of members who continue to participate over time,

and this willingness to participate is increased through social integration (Van Knippenberg,

2000). Core membership is one of the closest analogs to social integration: groups where

many members have relationships with many others are likely to be socially integrated and

committed to the project.

H3b: Core membership size will have a positive relationship with community longevity

2.2.7. Density

In dense networks, many people are connected to each other. It seems like density should

always contribute to coordination and social integration. Indeed, in work groups density is

generally, albeit weakly, associated with better performance (Balkundi & Harrison, 2006; Rea-

gans & Zuckerman, 2001). However, in both early-stage open source software (D. Hinds &
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Lee, 2009) and Wikipedia “project” groups (Qin et al., 2015), density has a negative relation-

ship with productivity. One explanation is that maintaining a strong, dense social network

may take time away from actually contributing to the artifact (Qin et al., 2015). This em-

pirical evidence from such a similar population of communities leads us to hypothesize that,

especially after controlling for hierarchy and core membership, higher density will be costly

to coordination and productivity.

H4a: Density will have a negative relationship with productivity.

On the other hand, if high density is an indicator of “too much” socializing, then we would

expect that members with high density will be more socially integrated. While they may be

less likely to contribute to group productivity, theory suggests that they will also be less likely

to leave the community and the project will be less likely to dissolve.

H4b: Density will have a positive relationship with longevity.

2.3. Data & Measures

Our data comes from a population of online communities working to produce wikis that

are hosted by the firm Wikia. The term “wiki” refers to both the type of software which

facilitates the collaborative creation and distribution of information resources as well as the

resource produced. While Wikipedia is the most well-known instance of a wiki, there are

hundreds of thousands of other wiki communities, with varied goals, topics, and community

structures.

Wikia was founded in 2004 by Jimmy Wales, a founder of Wikipedia, and Angela Beesley,

an active Wikipedia contributor. Like Wikipedia (and unlike other wiki hosting sites), all

Wikia wikis are publicly viewable and publicly editable. Wikia holds the largest sample of
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publicly accessible and editable peer production wikis, many of which have widely divergent

topics and participation rates. This diversity and variance help ensure that the results of our

analysis have broader generalizability beyond analyses of a single community or a smaller

scale comparison. Additionally, the dataset we collected in April 2010 is the most complete

set of Wikia wikis available. In 2010, Wikia began deleting small, inactive wikis from the site

thereby making it difficult to evaluate questions about early-stage peer production projects.

In preparing the dataset for analysis, we applied several inclusion criteria. Before construct-

ing our measures, we removed all edits to these communities marked as having been made by

bots. While our focus is on new, small communities, in reality most communities never grow

large enough to be considered communities at all. Of over 76,000 wikis that we have data for,

only 1,268 had at least 700 non-bot edits to article pages1 as of April 2010. At the point when

700 edits had been made, the median number of participants in the communication network

is 10, a similar size to large work groups. We calculate our measures based on a “data snapshot”

of all of the edits made to a community at the point it received its 700th edit.2

2.3.1. Dependent Variables: Productivity and Longevity

To measure productivity, we count the total number of words added by contributors in the

first 700 non-reverted edits. The completeness and quality of the wiki is one of the primary

goals of early-stage contributors to CBPP (Foote et al., 2017) and this is one measure of how

quickly the wiki as an artifact is progressing. Because we look at the same number of edits

for each wiki (rather than, for example, the number of edits per month), this is also a rough

1Wikis have a number of “namespaces”, such as talk pages, user pages, and administrative pages. The primary
content of the wiki, such as articles, is typically located in the main namespace.
2In separate robustness checks reported in the appendix, we ran models using snapshots at 500 and 900 edits and
found similar results.
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measure of the per-edit effort that participants put into the project. To measure longevity,

we count the number of months from the 700th edit to the start of the first 30-day period in

which the wiki was edited by fewer than two people.

2.3.2. Network Measures

Our measures of communication structure are based on behavioral traces of interaction cap-

tured in the logs of each wiki. This provides a more objective measure of interaction than

the survey-based self-reports typical in studies of communication structure in work groups

(e.g., Cummings & Cross, 2003). Both a strength and a weakness, this approach gives us a

highly accurate representation of the actual communication structure but does not capture

the cognitive understanding that users have of the network.

To construct measures of communication network structure, we first create communica-

tion networks for each wiki. These networks attempt to capture interactions within the spaces

dedicated to conversational activities. These are the “talk” pages connected to every article,

user, or policy page on each wiki. Talk pages are used to discuss the page to which they are

connected (see Figure 2.1). For example, a talk page connected to an article is typically used

to discuss ways that the article can be improved, although they can also be used as places to so-

cialize or discuss a topic. We create communication networks by looking at the edits to all of

the talk pages for each wiki. Although talk page edits are not always explicitly directed toward

others, we consider recent editors of the same page as the recipients of an edit. We create a

directed tie in our network from every talk page editor to the contributors of the previous five

edits to that page. Additionally, we create a directed tie when any contributor edits another’s
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Figure 2.1. Example of a talk page from the Lord of the Rings wiki. Users
discuss the article’s topic and how to improve the article.

“user talk” page. This is a public talk page connected to a user’s account, typically used for in-

terpersonal communication. We attempt to measure communicative relationships rather than

temporary interactions by only keeping edges that represent at least two interactions (i.e., for

a tie from i to j to exist, i would have to edit a page after j or write on j ’s user talk page at

least twice). We create a network for each wiki at the point that it had 700 edits.
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We limit our analysis to communities which have at least four people in their communi-

cation network, dropping 202 communities. Our rationale is that the network measures we

apply (described below) are not meaningful for smaller networks. We also remove 64 wikis

where the structure was so simple that our network measures could not be computed. This

leaves us with a total of 1,002 wiki networks, which we use to construct the following measures

of network structure.

Density is the number of ties between the N nodes in a given network divided by the

number of possible ties if every node was connected to every other node.

We follow Cummings and Cross (2003) by using the hierarchy measure defined by Krack-

hardt (1994). We calculate hierarchy as the ratio of paths in the graph which are not cyclical.

For a given path from person vi to person v j , the path is cyclical if there also exists a path

from v j to vi .

We use a scaleable method of identifying core group membership, based on the same theo-

retical construct in the work group literature (Cummings & Cross, 2003) and related to mea-

sures of closure (e.g. Shen, Monge, & Williams, 2014). To measure core-periphery structure,

we calculate the “coreness” for each node. This is the largest k subgraph the node is in for

which all members of the subgraph have at least k ties with other members of the subgraph

(Seidman, 1983).3 We identify contributors as being central (i.e., non-peripheral) if their core-

ness is at least 3, and measure the proportion of contributors who are central in each commu-

nity, which we call the core member ratio. When this measure is high, it means that many of

the users are part of a cohesive group, where all of the members of the group have interactions

with others in the group.

3More detail about this measure is provided in the appendix.
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We use two measures of centralization, indegree centralization, which is a measure of in-

equality in how much each person is talked to, and betweenness centralization, which is a mea-

sure of inequality in how often a person is in the shortest path between other people (Freeman,

Roeder, & Mulholland, 1980). These two measures capture two related but distinct ways in

which a community might be centralized. Following Qin et al. (2015), for indegree centraliza-

tion we take the gini coefficient of the distribution of indegree over nodes and for betweenness

centralization we take the gini of betweenness centrality scores.

2.3.3. Controls

Many network measures have a relationship with the size of the network. For example, large

networks typically have lower density, since the number of possible ties scales exponentially.

Therefore, we include a control measure for network size. We also include talk edits and edge

weight, two controls for the overall amount of activity between members, in order to distin-

guish the structure of communication from the amount of communication. In order to help

control for time-varying factors that may have played a role in shaping the growth patterns of

particular wikis we include months since founding.

The popularity of wiki topics is a potential confound for the relationships we seek to iden-

tify. For example, popular topics may attract more peripheral contributors than niche topics.

Without access to a direct measure of popularity, we rely on several proxies. First, we include

measures of how quickly the community is producing content. Specifically, we measure days

to 350 (700) edits. We also control for the number of total editors and active editors (editors with

at least ten edits). Finally, we include contribution inequality, a measure which has been found
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to be an important predictor of performance in previous work on CBPP (Kittur & Kraut,

2010).

2.4. Analysis

We estimate the relationship between project structure and project outcomes by regressing

our project-level measures of productivity and community survival on our project-level mea-

sures of network structure after the first 700 edits. Because our measures of productivity are

all over-dispersed counts, we use negative binomial linear regression to model productivity.

To estimate community survival, we fit Cox proportional-hazards models. In each model, we

added polynomial terms for significant controls until model fits failed to improve based on

likelihood-ratio tests.

Our appendix shows summary statistics for each of our variables. As is typical in online

communities, almost all of our count measures are highly skewed. To address this, we use the

natural log of momentum measures, the number of editors, and the network size measures in all

of our models. We also use the log of density.

2.5. Results

Figure 2.2 shows the results of the full model used to predict productivity, with 95% boot-

strapped confidence intervals.4 Surprisingly, we find that none of the network measures have

a significant relationship with productivity, and that including the network measures does not

improve the fit of the model based on AIC. The only possible relationship is for density (H4a),

which barely falls outside of our confidence interval (β= 0.32, CI [−0.022,0.687]), but has a

significant relationship with productivity in one of our two robustness check datasets. If a real

4Full regression results are available in the appendix.
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Figure 2.2. Scaled regression coefficients predicting the number of non-
reverted words added in the first 700 edits. Polynomial control terms are ex-
cluded for clarity. Error bars represent bootstrapped 95% confidence intervals.

relationship exists, it is very weak. We did not find evidence for H1a, H2a, or H3a, as neither

centralization measure (indegree centralization: β=−0.01, CI [−0.469,0.366]; betweenness

centralization: β=−0.25, CI [−1.052,0.435]), hierarchy (β= 0.01, CI [−0.314,0.361]), nor

the core membership ratio (β=−0.19, CI [−0.529,0.137]) explain variation in productivity.

A number of our controls were positively associated with productivity, namely the number

of nodes in the talk network, how long ago the wiki was founded, and the gini of edits per

editor.

Because interpreting these results can be difficult, table 2.1 visually depicts the relation-

ships between communication structure and productivity using actual networks as examples.

The first column shows a visualization of the communication network of a wiki at the first
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quartile of each measure, the second shows a network at the third quartile, and the third col-

umn provides the bootstrapped 95% confidence intervals of the model-predicted change in

productivity when moving from the first to the third quartile. We see that while wikis vary

considerably in their communication structure, the expected influence of these measures is

slight and highly variable.

25th percentile 75th percentile ∆ Productivity [95% CI]

Density -1.7% – 68.0%

Hierarchy -10.0% – 12.5%

Core Ratio -27.6% – 8.5%

Degree Centraliza-
tion -8.8% – 7.2%

Betweenness Cen-
tralization -11.6% – 5.1%

Table 2.1. Networks at the 1st and 3rd quartile of each measure; 95% confi-
dence interval of predicted change in productivity when moving form 1st to
3rd quartile.

Our second set of results, predicting the longevity of a community, is presented in Figure

2.3.5 Again, the model including network measures surprisingly does not provide a better fit
5A model allowing for time-varying measures produced similar results
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Figure 2.3. Scaled regression coefficients predicting the length of a wiki’s sur-
vival. Polynomial control terms are excluded for clarity. Error bars show boot-
strapped 95% confidence intervals.

than the controls-only model based on AIC and none of the network measures have a sig-

nificant relationship with the likelihood of survival. Indeed, we see that the only significant

predictor of survival is the number of different editors who contributed to the project.

2.6. Discussion

We hypothesized that nascent CBPP projects would benefit from structured conversation

in order to coordinate their work and in order to create a long-lasting community. How-

ever, our results provide only very weak evidence that early communication structure predicts

a group’s productivity and no evidence that communication structure relates to longevity.

These results are surprising, but our sample is large enough that we should be able to detect
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even weak effects. Studies of work groups that have presented statistically significant esti-

mates of the relationship between communication structure and performance have typically

used datasets of less than 100 teams (Balkundi & Harrison, 2006). Even with a larger dataset

and more statistical power, one explanation for a null finding might be that the relationship in

peer production is simply noisier and more difficult to detect. This seems unlikely because our

measures of network structure have comparable variance to similar measures from the work

group literature. For example, our measure of hierarchy (µ = 0.47; SD = 0.24) has a similar

distribution to hierarchy measured by Cummings and Cross (2003) in work groups (µ= 0.57;

SD= 0.28) and our measure of density (µ= 0.24; SD= 0.14) is smaller in this context but has

similar variance to the density measured by Wise (2014) in work groups (µ= 0.34; SD= 0.23).

As a result, we believe that our sample of over 1,000 projects should have been more than ad-

equate to identify relationships between network structures and group outcomes similar in

magnitude to those found in previous studies of work groups and that any relationships that

exist in our data are likely much weaker.

Overall, these findings suggest two surprising features of early-stage CBPP projects: First,

they do not require structured communication in order to coordinate their work, and second,

social integration does not increase project-level productivity or longevity. This is different

from finding that CBPP projects are unstructured: there was a large amount of variation along

each of our measures of network structure. What we found was that there is no strong relation-

ship between structural measures and either of our outcomes. We discuss possible explanations

for these findings below.
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Figure 2.4. User DolAmroth123 moves information into a pre-defined tem-
plate. This shows other users where and how information should be organized
on this wiki without any explicit coordination or communication.

2.6.1. Stigmergic coordination

CBPP projects and wikis in particular may require less communication in order to coordinate

for a few reasons. The first is that work is organized around a shared, continuously updated

artifact. The pages on Wikipedia, for example, are updated as soon as an editor makes an

edit. This affordance allows CBPP contributors to use the artifact itself to perform “stigmer-

gic” coordination. Stigmergy is a concept that comes from research on social insects like ants

and refers to coordination that happens through modifying the environment (e.g., an ant’s

pheromone trail) rather than through direct communication. Bolici et al. (2016) describe how

this concept can apply to CBPP. For example, the state of the artifact can act as a signal for

resource matching. Those with special knowledge or skills don’t necessarily need to commu-

nicate in order to be told about a need – they can simply see a need and contribute (Benkler,

2006; Kane & Ransbotham, 2016).
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More directly, users can leave explicit or implicit signals of needs in the artifact itself (D.

Hinds & Lee, 2009). Changes to wikis can coordinate work, negotiate norms, and integrate

newcomers. Some edits are explicitly stigmergic in that they provide trails for others to fol-

low. For example, by creating a link to a non-existing page, a contributor can signal the need

for someone to create that page. Figure 2.4 shows a more subtle example of how edits can

coordinate and provide norm instruction. Wikia provides this interface, which shows how

a page has changed over time. In this example, the user DolAmroth123 has taken the “(aged

41)” content added by Roberto4554 and moved it into its own spot in a pre-defined template.

Without explicit communication, this edit by DolAmroth123 both enforces a norm about how

information should be organized and teaches Roberto4554 (and others who see the page) about

how to use the template feature of the website.

Our findings about the relative unimportance of structured communication, combined

with theories of stigmergic communication and coordination, suggest that there may exist

a tradeoff between social structure and project structure. When the structure of a project

is explicit and the goals are well-defined, as in many early-stage CBPP projects, then there

are few social interdependencies. Many simple coordination tasks can be performed through

the wiki itself and thus do not require complex social structures. This theory suggests an

explanation for findings in the CBPP literature that projects tend to become more structured

and hierarchical over time (Halfaker et al., 2013; Shaw & Hill, 2014; TeBlunthuis et al., 2018).

In contrast with work groups, the work of a typical CBPP project is fairly well-delineated in

early stages and higher-level coordination and decision making about the purpose or goals of

the organization may simply not be needed. As projects grow and become more complex, it

is more difficult to signal needs through the artifact and structured coordination is needed.
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2.6.2. Limits of social integration

We hypothesized that projects with highly integrative networks would encourage high levels

of contributions and that communities with high hierarchy, for example, would not be as pro-

ductive. However, we found no relationship between these measures and productivity. Even

more surprisingly, we find no evidence that communication structure has any relationship to a

community’s longevity. This suggests that either social integration does not matter very much

in the context of peer production or that wiki talk page networks are not capturing the social-

ization and socializing that is happening. For example, users might be socializing face-to-face

or using other online platforms. While we cannot dismiss the latter out of hand, it is evident

that talk pages are being used by communities for communication and coordination. Look-

ing at our data, we find that communities make a median of 89 edits to talk pages. This is a

large enough number of contributions to suggest that a substantial portion of communication

happens through these channels.

How can we reconcile findings about the importance of social integration in work groups

(Cummings & Cross, 2003) and large peer production projects (Bryant et al., 2005; Halfaker

et al., 2013) with our finding that communication structure does not help to predict nascent

CBPP project survival? One possible explanation is that the effect of social integration in-

creases over time. In larger projects like Wikipedia new contributors are less motivated by

social motivations (Bryant et al., 2005). In a new wiki project everyone is a new contributor,

so early social structure may not matter much.

Another interpretation is that socialization is less important in voluntary, non-professional

communities like CBPP. If contributors are committed to the goals of the project, then the
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marginal influence of social integration will be low. In short, in work group settings strong so-

cial cohesion may be needed to encourage everyone to contribute. However, when everyone

is already eager to contribute, social motivation may be less important.

And what about the theory that early groups would need to communicate more in order

to create norms and goals? Our results suggest that in CBPP this sort of negotiation may

be unnecessary. On Wikia, as in many other CBPP contexts, new communities are either

explicitly or implicitly part of a larger ecosystem. It is likely that new communities start

with a set of default norms, based on acceptable behavior in related projects. In addition,

wikis have a fairly explicit, visible, and unchangeable goal from the moment they are created.

For example, the wiki at lordoftherings.wikia.com will be focused around Lord of the Rings

content; there is very little room for negotiation of high-level goals. Finally, unlike in a work

team where participants have contractual obligations to the organization, the cost of exit from

peer production is incredibly low. Instead of “storming” and “norming” (Tuckman, 1965),

those who disagree with the goals of a wiki may be more likely to create a new project or

simply not edit at all. By changing the relative cost of leaving, CBPP may encourage people

to choose “exit” rather than “voice” (Hirschman, 1970). A complementary implication is that

the affordances of CBPP may make it difficult for projects to succeed when goals are not clear

and must be negotiated. Indeed, Hill (2013) argues that a well-defined goal helped Wikipedia

succeed where other attempts to build an online encyclopedia fell short.

Overall, our results do not support our hypotheses and contradict the theoretical predic-

tions we derived from prior literature. Instead of telling the story of work groups operating

in a new environment, our findings suggest that early-stage CBPP projects operate very differ-

ently. While we believe that stigmergy and a highly motivated set of participants are plausible

lordoftherings.wikia.com
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explanations for our findings, more empirical work is needed to understand why structures of

communication in early-stage wikis do not predict project-level outcomes.

2.7. Threats to Validity & Limitations

While our study benefits from using a large population of wikis across a number of dif-

ferent domains, it is still possible that our findings may reflect idiosyncrasies of the software

platforms and user interface configurations of Wikia wikis. Other online communities have

different goals, norms, and affordances. For example, wiki talk pages are hard to find and use.

In some cases, users may not even be aware of all messages added to the site by others and

so some ties may not represent direct communication. Interfaces that make communication

more visible and intuitive might lead to different results.

Additionally, the analysis presented here is based on digital trace data taken from a single

platform and is subject to the sorts of caveats that apply to other similar studies. For example,

we do not capture interactions that occur “off-wiki” either in face-to-face meetings, or through

other technological systems. A related problem is that Wikia is a pseudonymous system. The

same individual might edit from multiple accounts or sometimes edit anonymously but we

treat each of these separate accounts as a different individual – potentially undermining the

precision of several of our measures.

Finally, this paper is a cross-sectional look at wikis at one point in their lifecycle. Many

theories and findings about groups suggest that they adapt and change over time (including

our finding that nascent groups do not resemble large CBPP projects). Future work should

investigate the ways that communication networks evolve as communities grow and age.
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2.8. Conclusion

In a large-scale study of over 1,000 online wikis engaged in peer production, we find that

communication network structures are poor predictors of both community productivity and

longevity. A number of theories and empirical research papers suggest that these sorts of

structures should support effective groups in any context. Our findings run contrary to this

earlier research and call into question whether integrative social structures are always necessary

for collaboration.

Our findings suggest that the relationship of communication structure to effective collab-

oration and organization is not universal but contingent. While all groups require coordina-

tion and undergo social influence, groups composed of different types of people or working

in different technological contexts may have different communicative needs. We suggest two

primary explanations. First, volunteers who already have an interest in a project may require

less social integration than employees. Second, the technical affordances and narrow scope of

wikis allow participants to coordinate via stigmergic clues in the artifact itself.

While the presence of stigmergic coordination in CBPP projects is fairly well-known, our

results suggest that affordances which allow for stigmergic coordination might reduce the need

for social structures and can influence the ways that groups interact. When project goals are

clear and narrow, a shared artifact can act as a tool for communicating and negotiating norms

and priorities, reducing the need for explicit communication and coordination.
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2.10. Appendix

This appendix provides additional information on how our measures were created, sum-

mary statistics, and full regression models for the models used in the paper as well as models

created at 500 edits and 900 edits.

2.10.1. Measures

The following table gives a description of each measure. We then describe a few measures in

more technical detail than allowed for in the text.

2.10.1.1. Gini coefficient. We use gini coefficients to measure both of our centralization mea-

sures as well as the control for contributor inequality. The gini coefficient is a measure of the

inequality of a distribution, and is defined as

G =

n
∑

i=1

n
∑

j=1

|xi − x j |

2n
n
∑

i=1

xi

where n is the number of people, and xi and x j are the measures (betweenness centrality,

indegree, or contribution amount) for group members i and j .
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Dependent Variables

Measure Description

Productivity Total non-reverted words added

Survival Number of months following the 700th edit that a wiki re-
mains active

Network Measures

Density Proportion of possible ties that exist

Core member ratio Ratio of editors with coreness greater than 2

Hierarchy Ratio of paths which are reciprocal

Indegree centralization Gini of incoming edges per node

Betweenness centralization Gini of betweenness centrality

Control Variables

Total Editors Logged number of people with at least one edit

Active editors Number of people with at least 10 edits

Days to 350 (700) edits Logged days from the first edit to the 350th (700th) edit

Contribution inequality Gini of contributions per person

Talk edits Total number of edits to talk pages

Months since founding Number of months ago that the wiki was founded

Network size Logged number of people in the network

Edge weight Mean weight of ties in a network
Table 2.2. The first column lists each measure used in our models. The second
column provides a descriptions of how each measure was calculated.

2.10.1.2. Core member ratio. To calculate the core member ratio, we take advantage of the

social network analysis concept of coreness and k-cores as initially developed by Seidman (1983).

The k-core of a network is the maximal subgraph of that network such that all of the nodes

in the network have at least k connections to other nodes. For example, a 2-core is the largest

possible set of nodes such that all of the nodes are connected to at least two other nodes in

that set (Figure 2.5). For each node, their coreness number is the maximum k for which they
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are part of that k-core. The core member ratio reported in the text is the proportion of nodes

which had a coreness measure of at least 3.

K-cores

1-core = ■

2-core = ■

3-core = ■ 

Figure 2.5. K-cores of a random graph. Each colored subgraph represents a k-
core and the coloring of each node is its coreness measure (the highest k for
which it is part of that k-core)

2.10.2. Summary Statistics and Correlations

Table 2.3 shows summary statistics for each of our variables. Figure 2.6 shows correlations

between variables.
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Table 2.3. Summary statistics for each of our measures. We use logged versions
of highly skewed measures.

Statistic Mean St. Dev. Min Median Max

Months survived 15.59 14.52 0.00 10.40 64.53
Words added (thousands) 239.69 234.61 13.67 171.18 3,690.69
Days to 700 edits (log) 5.10 1.36 0.00 5.37 7.36
Days to 350 edits (log) 3.63 1.40 0.00 3.74 6.73
Total editors (log) 4.52 0.79 2.08 4.58 9.08
Months since founding 33.10 16.86 0.60 30.48 73.07
Active editors 9.59 4.14 1 9 27
Contribution inequality 0.87 0.07 0.41 0.88 0.98
Talk edits (log) 4.56 0.86 2.40 4.50 8.84
Network size (log) 2.42 0.53 1.61 2.40 4.44
Edge weight (log) 1.63 0.39 1.10 1.54 4.24
Hierarchy 0.47 0.24 0.00 0.45 1.00
Density (log) −1.59 0.55 −3.83 −1.59 −0.05
Indegree centralization 0.44 0.15 0.00 0.44 0.82
Betweenness centralization 0.80 0.10 0.38 0.81 0.97
Core member ratio 0.39 0.29 0.00 0.44 1.00

2.10.3. Regression results

Tables 2.4 and 2.5 show full regression results for the models used in the paper. Note that AIC

increases in both models when network measures are added, indicating that adding this set of

measures does not improve model fit.

2.10.4. Robustness results

As robustness checks, we include regression results when using a cutoff of 500 and 900 edits in

tables 2.6 to 2.9. The overall results are very similar to our primary results at 700 edits. One

difference is that the relationship between density and productivity is far from being significant
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Figure 2.6. Correlation coefficients for each of the variables

at 500 edits but is significant (and stronger) at 900 edits. This provides some evidence of a

change in the importance of density as a predictor for productivity as a project grows.
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Controls Network Measures
Intercept 12.031∗ 12.219∗

[11.515; 12.545] [11.446; 13.014]
Days to 700 edits (log) 0.033 0.039

[−0.031; 0.104] [−0.025; 0.111]
Days to 350 edits (log) −0.027 −0.026

[−0.110; 0.035] [−0.101; 0.034]
Total editors (log) −0.086 −0.067

[−0.188; 0.052] [−0.181; 0.086]
Active editors 0.005 0.002

[−0.013; 0.022] [−0.016; 0.019]
Contribution inequality 4.570∗ 4.798∗

[1.881; 6.497] [2.134; 6.771]
Contribution inequality2 4.259∗ 4.493∗

[2.289; 6.757] [2.580; 7.021]
Months since founding 2.554∗ 2.552∗

[0.380; 4.536] [0.459; 4.530]
Months since founding2 1.926∗ 1.577

[0.152; 4.247] [−0.096; 3.740]
Talk edits (log) 0.130∗ 0.149

[0.062; 0.192] [−0.038; 0.316]
Network size (log) 0.281

[−0.109; 0.703]
Edge weight (log) −0.162

[−0.382; 0.073]
Hierarchy 0.012

[−0.314; 0.361]
Density (log) 0.323

[−0.022; 0.687]
Indegree centralization −0.012

[−0.469; 0.366]
Betweenness centralization −0.253

[−1.052; 0.435]
Core member ratio −0.188

[−0.529; 0.137]
AIC 26501.883 26502.283
BIC 26555.890 26590.658
Log Likelihood −13239.942 −13233.141
Deviance 1076.480 1075.633
Num. obs. 1002 1002
∗ 0 outside the confidence interval

Table 2.4. Negative binomial regression predicting productivity at 700 edits.
Model 1 includes only controls, Model 2 adds communication network mea-
sures. Bootstrapped 95% confidence intervals are in brackets.
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Controls Network Measures
Days to 700 edits (log) −0.033 −0.020

[−0.176; 0.105] [−0.172; 0.130]
Days to 350 edits (log) 0.015 0.008

[−0.140; 0.176] [−0.145; 0.169]
Months since founding −0.002 −0.003

[−0.012; 0.007] [−0.013; 0.006]
Words added (log) 0.072 0.089

[−0.153; 0.279] [−0.139; 0.300]
Active editors −0.008 −0.016

[−0.065; 0.041] [−0.074; 0.035]
Total editors (log) −2.335∗ −2.451∗

[−3.467; −0.986] [−3.598; −1.177]
Total editors (log)2 0.205∗ 0.202∗

[0.060; 0.326] [0.062; 0.329]
Contribution inequality 1.652 1.508

[−1.322; 4.982] [−1.368; 4.942]
Talk edits (log) −0.182∗ −0.074

[−0.353; −0.014] [−0.652; 0.409]
Network size (log) 0.253

[−0.808; 1.324]
Edge weight (log) −0.464

[−1.145; 0.222]
Hierarchy 0.028

[−0.856; 0.946]
Density (log) 0.230

[−0.670; 1.070]
Indegree centralization 0.830

[−0.476; 2.107]
Betweenness centralization 0.523

[−1.548; 2.553]
Core member ratio −0.295

[−1.101; 0.540]
AIC 2940.785 2944.548
R2 0.069 0.079
Max. R2 0.950 0.950
Num. events 235 235
Num. obs. 1002 1002
Missings 0 0
PH test 0.003 0.000
∗ 0 outside the confidence interval

Table 2.5. Cox proportional hazard results predicting hazards at 700 edits.
Model 1 includes only controls, Model 2 adds communication network mea-
sures. Bootstrapped 95% confidence intervals are in brackets.
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Controls Network Measures
Intercept 11.861∗ 12.463∗

[11.348; 12.382] [11.591; 13.292]
Days to 500 edits (log) 0.074∗ 0.079∗

[0.013; 0.151] [0.020; 0.158]
Days to 250 edits (log) −0.020 −0.028

[−0.104; 0.047] [−0.107; 0.038]
Total editors (log) −0.149∗ −0.141∗

[−0.271; −0.034] [−0.264; −0.018]
Active editors 0.008 0.003

[−0.017; 0.034] [−0.022; 0.030]
Contribution inequality 4.964∗ 5.029∗

[2.405; 7.672] [2.241; 7.616]
Contribution inequality2 6.107∗ 6.228∗

[3.655; 8.973] [3.900; 9.054]
Months since founding 2.124∗ 2.148∗

[0.043; 4.652] [0.067; 4.686]
Months since founding2 2.085 1.933∗

[−0.017; 5.172] [0.032; 4.971]
Talk edits (log) 0.122∗ 0.109

[0.050; 0.206] [−0.097; 0.296]
Network size (log) 0.162

[−0.283; 0.669]
Edge weight (log) −0.057

[−0.300; 0.191]
Hierarchy −0.209

[−0.555; 0.153]
Density (log) 0.038

[−0.351; 0.457]
Indegree centralization 0.060

[−0.422; 0.484]
Betweenness centralization −0.801

[−1.737; 0.068]
Core member ratio −0.170

[−0.568; 0.212]
AIC 27466.344 27468.412
BIC 27520.919 27557.715
Log Likelihood −13722.172 −13716.206
Deviance 1144.099 1143.276
Num. obs. 1055 1055
∗ 0 outside the confidence interval

Table 2.6. Negative binomial regression predicting productivity at 500 edits.
Model 1 includes only controls, Model 2 adds communication network mea-
sures. Bootstrapped 95% confidence intervals are in brackets.
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Controls Network Measures
Days to 500 edits (log) −0.018 −0.003

[−0.145; 0.108] [−0.128; 0.123]
Days to 250 edits (log) 0.117 0.112

[−0.020; 0.245] [−0.029; 0.237]
Months since founding 0.007 0.007

[−0.001; 0.016] [−0.001; 0.016]
Words added (log) 0.015 0.010

[−0.196; 0.210] [−0.200; 0.213]
Active editors −0.031 −0.043

[−0.091; 0.027] [−0.106; 0.021]
Total editors (log) −1.781∗ −2.015∗

[−2.918; −0.232] [−3.227; −0.500]
Total editors (log)2 0.142 0.152

[−0.047; 0.249] [−0.022; 0.272]
Contribution inequality 0.829 0.869

[−1.177; 3.337] [−1.222; 3.588]
Talk edits (log) −0.144 0.017

[−0.315; 0.021] [−0.459; 0.438]
Network size (log) 0.197

[−0.829; 1.192]
Edge weight (log) −0.633∗

[−1.248; −0.010]
Hierarchy −0.515

[−1.326; 0.300]
Density (log) 0.183

[−0.654; 0.987]
Indegree centralization 0.959

[−0.041; 2.020]
Betweenness centralization 0.014

[−1.648; 1.718]
Core member ratio −0.387

[−1.115; 0.452]
AIC 3548.740 3549.444
R2 0.064 0.076
Max. R2 0.967 0.967
Num. events 280 280
Num. obs. 1055 1055
Missings 0 0
PH test 0.000 0.000
∗ 0 outside the confidence interval

Table 2.7. Cox proportional hazard results predicting hazards at 500 edits.
Model 1 includes only controls, Model 2 adds communication network mea-
sures. Bootstrapped 95% confidence intervals are in brackets.
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Controls Network Measures
Intercept 12.348∗ 12.216∗

[11.826; 12.899] [11.449; 12.938]
Days to 900 edits (log) 0.035 0.040

[−0.029; 0.112] [−0.024; 0.114]
Days to 450 edits (log) −0.005 −0.002

[−0.099; 0.052] [−0.080; 0.052]
Total editors (log) −0.128 −0.099

[−0.231; 0.006] [−0.213; 0.061]
Active editors 0.010 0.009

[−0.007; 0.024] [−0.008; 0.024]
Contribution inequality 3.976∗ 4.139∗

[1.415; 6.010] [1.374; 6.156]
Contribution inequality2 5.014∗ 5.268∗

[3.128; 7.605] [3.408; 7.804]
Months since founding 2.802∗ 2.828∗

[0.766; 4.800] [0.956; 4.824]
Months since founding2 1.628 1.239

[−0.088; 4.107] [−0.391; 3.434]
Talk edits (log) 0.114∗ 0.112

[0.039; 0.182] [−0.081; 0.274]
Network size (log) 0.413∗

[0.031; 0.862]
Edge weight (log) −0.185

[−0.410; 0.065]
Hierarchy 0.064

[−0.303; 0.439]
Density (log) 0.484∗

[0.117; 0.903]
Indegree centralization −0.170

[−0.714; 0.239]
Betweenness centralization 0.269

[−0.503; 1.089]
Core member ratio −0.312

[−0.677; 0.038]
AIC 24857.478 24852.454
BIC 24910.630 24939.429
Log Likelihood −12417.739 −12408.227
Deviance 991.555 990.434
Num. obs. 927 927
∗ 0 outside the confidence interval

Table 2.8. Negative binomial regression predicting productivity at 900 edits.
Model 1 includes only controls, Model 2 adds communication network mea-
sures. Bootstrapped 95% confidence intervals are in brackets.
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Controls Network Measures
Days to 900 edits (log) −0.044 −0.030

[−0.220; 0.123] [−0.208; 0.151]
Days to 450 edits (log) 0.032 0.024

[−0.160; 0.202] [−0.181; 0.200]
Months since founding −0.001 −0.002

[−0.012; 0.010] [−0.015; 0.008]
Words added (log) −0.073 −0.068

[−0.328; 0.203] [−0.342; 0.215]
Active editors −0.028 −0.029

[−0.081; 0.020] [−0.080; 0.022]
Total editors (log) −2.342∗ −2.295∗

[−3.512; −1.128] [−3.405; −0.862]
Total editors (log)2 0.204∗ 0.186∗

[0.074; 0.328] [0.044; 0.298]
Contribution inequality 1.385 0.841

[−2.248; 5.461] [−2.898; 4.975]
Talk edits (log) −0.151 0.391

[−0.352; 0.027] [−0.159; 0.877]
Network size (log) −0.701

[−1.943; 0.570]
Edge weight (log) −0.474

[−1.196; 0.289]
Hierarchy −0.349

[−1.494; 0.725]
Density (log) −0.203

[−1.281; 0.763]
Indegree centralization 0.610

[−0.856; 2.056]
Betweenness centralization −0.444

[−2.800; 1.827]
Core member ratio −0.778

[−1.724; 0.159]
AIC 2315.564 2318.623
R2 0.070 0.081
Max. R2 0.922 0.922
Num. events 188 188
Num. obs. 927 927
Missings 0 0
PH test 0.028 0.112
∗ 0 outside the confidence interval

Table 2.9. Cox proportional hazard results predicting hazards at 900 edits.
Model 1 includes only controls, Model 2 adds communication network mea-
sures. Bootstrapped 95% confidence intervals are in brackets.
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Why do people start new online communities? Previous research has studied

what helps communities to grow and what motivates contributors, but the

reasons that people create new communities in the first place remain unclear.

We present the results of a survey of over 300 founders of new communities

on the online wiki hosting site Wikia.com. We analyze the motivations and

goals of wiki creators, finding that founders have diverse reasons for start-

ing wikis and diverse ways of defining their success. Many founders see their

communities as occupying narrow topics, and neither seek nor expect a large

group of contributors. We also find that founders with differing goals ap-

proach community building differently. We argue that community platform
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designers can create interfaces that support the diverse goals of founders more

effectively.

3.1. Introduction

The people who found new organizations are in a unique position to exert influence on

the way that the organization develops. For example, research on firms has shown that the

attributes of a company’s founder, such as their education, industry experience, and position

in a social network, can influence the firm’s growth and survival (Cooper, Gimeno-Gascon, &

Woo, 1994; Ostgaard & Birley, 1996). Founders can also influence the fate of online commu-

nities. Communities which have active, well-connected, experienced founders are more likely

to experience continued activity (Kraut & Fiore, 2014).

Prior research on firm and community founders makes an implicit assumption: that all

founders are hoping for their organizations to grow and survive. This may be a reasonable

assumption for entrepreneurs, but online community founders are likely to have more var-

ied motivations and project goals. Learning more about founders’ motivations and perspec-

tives on community success is important for understanding how this new form of organizaing

works.

To learn more about why founders start communities, we surveyed users of the online

community hosting site Wikia.com immediately after they founded a new wiki. We focus on

founders’ motivations for founding new wikis and their project goals. Motivations encompass

more immediate incentives in comparison to project goals, which are more forward-looking

and relate to how founders will evaluate the success of their community.
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While some founders seek to build large, productive online communities, only 18% of

our respondents rank content growth as the top goal. The most common primary goal is

the creation of high-quality information. Overall, motivations and goals are very diverse, but

many point to the creation of communities which are modest in scope and in aim. Wikis are

often created on a whim, with nearly half of respondents reporting that they had considered

starting their wiki for only a few hours or less before founding it. The primary goal that a

founder has for a project is related to how and whether they engage in community building

activities, suggesting a path whereby community outcomes may relate to founder goals.

Our results suggest that online community researchers and community platform designers

can do more to understand and support attempts to build smaller and shorter-term commu-

nities, and that focusing on growth or longevity creates a limited view of success in online

communities.

3.2. Background

Prior research on motivations in online communities has focused primarily on contribu-

tors, finding that online community participants have heterogeneous motivations. For exam-

ple, Wikipedia editors have motivations like enjoyment, learning, and ideology (Nov, 2007;

Schroer & Hertel, 2009). Similarly diverse motivations have been found for contributors to

open source software (Hertel, Niedner, & Herrmann, 2003) and other online communities

(e.g., Lampe, Wash, Velasquez, & Ozkaya, 2010). We expect that community founders also

have diverse motivations, but lack empirical evidence of what those motivations are.

Existing research also suggests diversity in how community members assess whether an

existing community is successful. For example, open source programmers use many different
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measures to determine success, such as user satisfaction, developer satisfaction, code quality,

and popularity (Crowston, Annabi, & Howison, 2003; Schweik & English, 2012). Just as

contributors see current success differently, we anticipate that founders will have different

understandings of future success.

We might also expect to see diversity in founder goals due to different levels of experience

on a specific platform. As users become more familiar with a tool or ecosystem of projects

(e.g., Wikipedia, Wikia, GitHub), they may recognize opportunities for community and in-

teraction that are not visible at first (Bryant et al., 2005). As users gain experience and their

perspective of the existing projects in a particular domain changes, their goals for new com-

munities may also change.

Differences in the motivations and goals of founders may also lead to different community

outcomes. For example, the way participants in a community understand a project helps

explain their subsequent levels of participation (Antin, Cheshire, & Nov, 2012; von Krogh et

al., 2012), and greater founder activity is associated with community survival (Kraut & Fiore,

2014).

Founders’ approach to community building presents one mechanism that could produce

divergent outcomes. The people in charge of a community can take practical steps to help

the community grow and be productive, such as attracting newcomers, encouraging contri-

butions, and regulating bad behavior (Kraut et al., 2012). The way that founders apply these

tactics (or whether they apply them at all) may depend on the goals they have for the commu-

nity. For example, founders who create a community as a place to communicate with a small

group of friends will be unlikely to take steps to attract newcomers, but may have plans for

encouraging contributions.
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3.3. Method

To better understand community founder motivations, we conducted a survey of founders

on the Wikia platform. We chose Wikia as it is a widely used platform for the creation of topic-

based wikis. Users on Wikia can start new wikis about any topic they choose, and users are

free to edit any wikis on the site. Wikis represent a distinct type of online community, based

on the creation and maintenance of a shared knowledge artifact. There are, of course, many

other types of online communities, whose founders may have a different set of motivations

and goals.

We used an online survey to gather data from founders because it facilitated the collection

of a broad range and large number of responses. We worked with representatives at Wikia to

distribute the survey to founders of new communities. After users initiate and complete the

new wiki creation process, an automated message is posted on the user’s “Message Wall” (a

threaded discussion interface for user-to-user interactions). By default, messages posted on a

user’s Message Wall are also emailed to them. During our study, an invitation to participate in

our online survey was included at the bottom of this automated message. The data included in

this paper is from surveys taken between 5 April and 31 August 2016. By surveying founders

immediately after they created a new wiki, we capture the motivations and goals they had at

the time of founding, before any community outcomes could distort their memory of events.

The survey consisted of 70 items, including items about demographic background, Inter-

net use skills,1 and past experience on Wikia and other online communities. Our items about

motivations included an open-ended question (“What made you want to start this wiki?”) and

1We used a modified version of the 10 item instrument developed by Hargittai and Hsieh (2012).
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Topic Survey Items
Motivation “What made you want to start this wiki?”

“On a scale of 1-5, how much did each of these motivations contribute to your
decision to start the wiki? ‘Playing around / Learning how the software works,’
‘As a joke,’ ‘A place to organize personal material,’ ’To communicate with friends,’
’To provide publicity for myself or my company,’ ’A new product was released that
I was interested in,’ ’There wasn’t an existing wiki about the topic,’ ’Exisiting wikis
about the topic were of poor quality,’ ’I wanted to spread information about the
topic,’ ’I disagreed with how existing wikis were being run,’ ’I wanted to build a
community,’ ’I wanted to be more involved in governing the conversation around
this topic,’ ’Other (please explain)’ ”

Project Goals “Think about how you will assess whether or not your wiki is successful, and
rank which of the following are the most important measures of success for you:
’A large number of contributors’, ’A large amount of information about the topic,’
’High quality information about the topic,’ ’A community that remains active for
a long time,’ ’A highly active community,’ ’Meeting new people,’ ’Other (please
explain)’ ”

Table 3.1. Key survey topics and abbreviated questions

a set of thirteen Likert-scale items based on the contributor motivation literature.2. To dis-

cover goals, we asked participants to think about how they would determine whether their

wiki is successful, and to rank the importance of seven success metrics. These included both

instrumental and terminal goals, which were drawn from prior literature (e.g., Crowston et al.,

2003; Schweik & English, 2012) and expanded to incorporate additional community-oriented

and interaction-oriented goals.3 For both motivations and goals, we allowed respondents to

enter free text “Other” responses. The first author reviewed the text responses and selected

characteristic examples that we report below. Finally, to determine a founder’s plans for com-

munity building, we asked them whether they would implement community building strate-

gies suggested by Kraut et al. (2012).

2Items were ranked from 1 (“Not a motivation”) to 5 (“A primary motivation”) If a respondent rated more than
half of the motivation items then we imputed “Not a motivation” for any missing items.
3We started with seven project goals (see Table 3.1), and collapsed two items representing facets of community
and two measures representing facets of growth into one measure each.
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3.4. Results

During the period of data collection, 46,828 total new wikis were created by 35,749 users.

A total of 720 respondents started the survey. We removed 91 respondents who failed our

attentiveness check, were obviously fraudulent,4 or who reported being minors. This left us

with 629 respondents. Respondents were allowed to skip items they did not want to answer.

For example, 312 founders filled out the motivation section and 254 ranked their goals. In

order to maximize the number of participants included in each analysis, we used responses

that were complete for that portion, even if the respondent skipped other portions. We report

the N for each analysis in the table captions.

3.4.1. Founding Motivations

To simplify the analysis of motivations, we reduced the dimensionality of our thirteen motiva-

tion items. Factor analysis suggested that there were five dimensions:5 spreading information

and building community, problems with existing wikis, fun and learning, creating and publi-

cizing personal content, and the “Other” item. We summarize the distribution of responses

in Table 3.2. The factor representing the desire to build a community and to spread informa-

tion about a topic has the highest overall popularity, although each of the motivations was

identified as a primary motivation by a number of respondents.

While some additional motivations appeared in the free-text responses, none of these was

reported by more than a few users. This suggests that our original items represent typical
4For example, those who reported having been born before 1915.
5A KMO test (Kaiser & Rice, 1974) showed that exploratory factor analysis was appropriate (MSA=.69), and a
scree plot suggested four factors was optimal. All of the items loaded onto at least one factor with a cutoff of .3,
with the exception of the “Other” item, which we treat as its own factor. For cross-loaded items, we included
the item in the primary factor, all of which loaded at .4 or higher. Combined, the factors explained 34% of the
variance.
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Mean SD Primary Motivation
Info and Community 3.12 1.04 70

Bad Existing Wikis 1.89 1.28 28
Fun and Learning 2.32 0.96 15
Personal Material 2.71 1.26 43

Other 1.84 1.59 60
Table 3.2. Distribution of motivations. The final column shows how many
respondents chose that as a primary motivation (mean rating > 4), N=312.

motivations of respondents. That said, some of the new motivations identified are interesting.

A few respondents wrote about teaching others about a topic. For example, one wrote, “I am

a huge fan of the books and I wanted to create a wiki where other fans can read about and

learn about the series.” Another expressed an interest in gathering feedback: “I run a gaming

community that is currently in development, I want users to be [...] able to contribute and

add information about [...] our game.” Another reported using the wiki to organize and

store content: “[I] wanted a place to organize content as [my] web serial was written.” Many

examples are inconsistent with the goal of building a large and active community with many

contributors.

Motivations need not be particularly strong because the barrier to founding a new commu-

nity is so low within a platform like Wikia. Among our respondents, only 32% had planned

to start a wiki for a few weeks or longer, while 46% of respondents reported that they had

only thought about it for “a few hours” or “a few minutes” beforehand. Founding new com-

munities appears to often be impulsive and not the result of delibration or careful planning.



93

3.4.2. Project Goals

Next, we look at the goals that founders have for their projects. Each of the project goals

was ranked as the top goal by a substantial proportion of respondents. The creation of high-

quality information was the most prevalent top goal, with 47% of respondents selecting that

option. The next two most popular goals, “community” and “growth”, were nominated as

the top goal by 20% and 18% of respondents, respectively.

While many studies focus on the longevity and activity of a community as markers of

success, this finding suggests that many wiki founders care most about creating a high-quality

repository of information rather than community growth or other outcomes.

Indeed, most founders do not expect that their projects will become large and popular.

When we asked founders about the potential audience for their projects, 50% chose the re-

sponse that “only a handful of people” would be interested in the topic of their wiki. When

we asked how many contributors they expected in the first 30 days, the median response was

4.

One additional goal emerged from the “Other” free text responses. Multiple respondents

expressed the desire for external usefulness and popularity, independent of community-building.

For example, one respondent’s goal was, “Seeing the material actually used by [...] groups and

individuals.” Another’s was, “People that actually benefit from my information.” Various

other goals were expressed by one or two respondents, such as strengthening relationships.
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Figure 3.1. Differences in the motivations for respondents on a scale of 1 (“Not
a motivation”) to 5 (“A primary motivation”), based on their top goal for the
wiki, N=248. * p < .05, ** p < .01

3.4.3. Comparing Founders with Different Goals

We next explore whether there are differences between founders with different project goals.

We group respondents based on their top-ranked goal and compare those who selected each

of the two most common top goals (“Information Quality” and “Community”).

Figure 3.1 compares how motivations differ between those who chose each of the two

top goals. t-tests at α < .05 indicate that those whose top goal was community-based (“a

community that remains active for a long time” or “a highly active community”) were more

likely to be motivated by fun and learning motivations and “other” motivations than those

whose top goal was “high quality information about the topic.”6

6The differences in the “Other” motivation in Figure 3.1 and the "Recurit Members" strategy in Figure 3.2 were
only marginally significant after applying a Holm-Bonferroni correction and should be interpreted with caution.
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These differences in goals may result from pre-existing differences between founders, such

as demographic attributes or experiences. For example, perhaps long-term users value com-

munity more since they are more likely to perceive the role of community on a site (Bryant et

al., 2005). However, we performed χ 2 tests and found that community-oriented founders do

not differ from quality-oriented founders by gender (p= 0.36), employment status (p= 0.56),

how often they visit Wikia (p= 0.21), or how long they have been active on the site (p= 0.5).

A t-test of founders’ self-reported technical knowledge also showed no significant difference

between the groups (p= 0.1). Based on these basic measures, we find no relationship between

a founder’s attributes or experience and her project goals.

We also investigate whether having different goals changes the way that founders approach

managing their community, finding mixed results. Prior research has shown that groups

whose founders add content to the site and who are engaged and active are more likely to sur-

vive (Kraut & Fiore, 2014). We asked founders about the time they were planning to devote

to their wiki, but a χ 2 test shows no difference between community-oriented and quality-

oriented founders in the ratio of those planning to dedicate at least 3 hours per week (p =

1).

However, we do find differences in the specific plans founders have for community build-

ing, encouragement, and regulation (Kraut et al., 2012). As with motivations, we use t-tests to

compare the responses based on whether a founder’s top goal is community or information

quality. The results appear in Figure 3.2.

Those who rate community their top priority are more likely to have plans to recruit

members and to encourage contributions. Both groups are equally likely to plan to welcome

new members and regulate behavior.
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Figure 3.2. Differences in whether a respondent plans to implement each com-
munity building strategy, on a scale of 1 (“Definitely not”) to 5 (“Definitely
yes”), based on their primary goal for the wiki, N=251. * p < .05

3.5. Discussion

The results of our survey provide evidence that wiki founders have varied motivations for

starting their communities and varied goals for what those communities will eventually be-

come. Even along dimensions that many founders care about (e.g., information quality and

community activity), founders differ in how they prioritize these goals. While some respon-

dents sought to build large, popular communities, we learn that most founded their wikis with

very little foresight or planning and with modest goals. Instead of aspiring to lead and influ-

ence the masses, many founders seek to collect or distribute information about niche topics

among a small group.
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We suggest that the prevailing focus on community growth and longevity obscures the

importance of small, niche communities. Small communities are not necessarily failures or

cautionary tales. They may be meeting their founders’ goals and deserve to be studied on

their own terms. On Wikia, where communities are built around a shared, public artifact,

many founders see creating that artifact as more important than building a community. Other

community platforms like reddit or Facebook Groups have their own affordances and their

founders likely have a different distribution of motivations and goals. However, growth-based

measures of success are unlikely to fully represent founders’ objectives in any of these venues.

By learning more about the founders of communities, platform designers gain insight into

how people aspire to use a system and can better support those goals. For example, designers

could add dashboards to measure and display the metrics of success that founders care most

about. They could also build tools to support those goals. In the case of Wikia, we find a

number of founders use wikis to create and distribute personal material. Wikia might enhance

the user page interface or develop templates to facilitate this behavior.

3.6. Limitations & Future Directions

Future studies can assess the generalizability of these findings on Wikia and other plat-

forms. Running a similar study across a set of different online community platforms would

allow us to learn whether founders on other platforms have similar motivations and goals.

Also, as with any survey, non-response may bias our results. However, we anticipate that

a more representative sample would strengthen our key findings about the modest goals of

Wikia founders, since the least dedicated founders would presumably be less likely to take the

survey.
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This study indicates that researchers and designers can do more to attend to founders. We

examined how founders’ motivations and goals relate to their plans for community build-

ing, but future research should also analyze how motivations and goals relate to the actions

founders take. In this way, different motivations and goals may explain variations in com-

munity outcomes. On the other hand, future research may find that founders have limited

influence and communities can transcend their founders’ intentions as well as their actions.
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The Behavior and Network Position of Peer Production Founders

Jeremy Foote
Northwestern University

Noshir Contractor
Northwestern University

Online peer production projects, such as Wikipedia and open-source soft-

ware, have become important producers of cultural and technological goods.

While much research has been done on the way that large existing projects

work, little is known about how projects get started or who starts them.

Nor is it clear how much influence founders have on the future trajectory

of a community. We measure the behavior and social networks of 60,959

users on Wikia.com over a two month period. We compare the activity, lo-

cal network positions, and global network positions of future founders and

non-founders. We then explore the relationship between these measures and

the relative growth of a founder’s wikis. We suggest hypotheses for future

research based on this exploratory analysis.
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4.1. Introduction

The surprising success of online peer production (OPP) projects like Wikipedia and open

source software has shown that groups of motivated volunteers can successfully create high-

quality goods without formal hierarchy. Scholars across a number of disciplines have studied

why these projects work, sparking new research on the role of firms, intellectual property

rights, and individual motivations in producing shared goods (Benkler, 2006; Levine & Pri-

etula, 2013; Raymond, 1999; von Krogh & von Hippel, 2006). In this project, we focus on one

aspect of OPP projects that has escaped much scholarly attention: its founding.

Founders have been shown to be influential in the similar context of entrepreneurship.

Researchers have found both that people differ in their propensity to become an entrepreneur

(Backes-Gellner & Moog, 2013; Dobrev & Barnett, 2005; Lazear, 2004; Nanda & Sørensen,

2010; Zhao, Seibert, & Lumpkin, 2010) and that the attributes and experiences of founders

relate to a firm’s success (Cassar, 2014; Eisenhardt & Schoonhoven, 1990; Jo & Lee, 1996;

Ostgaard & Birley, 1996; Stam, Arzlanian, & Elfring, 2014). There are a number of reasons to

think that OPP founders differ from entrepreneurs, such as the lower costs, risks, and benefits

of founding. Learning about OPP founders can help us to understand why projects grow (or

don’t) in this increasingly important context.

We use measures of editing behavior and measures of social capital and social integra-

tion from over 60,000 contributors to Wikia.com to explore how founders differ from non-

founders as well as how founders of high-growth projects differ from founders of low-growth

projects. Our exploratory results suggest that compared to non-founders, founders are typ-

ically novelty-seeking and have low social capital. However, founders who are successful at
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creating larger communities have a different set of attributes: they have less diverse experi-

ence but are actually more integrated in social networks, suggesting that they may use their

social capital to recruit others.

4.2. Related Work

4.2.1. Entrepreneurship

Researchers have studied both who decides to become an entrepreneur and what attributes

and experiences of entrepreneurs correlate with firm success. They have found that people

with diverse experience and skills are more likely to become entrepreneurs (Backes-Gellner

& Moog, 2013; Lazear, 2004; Wagner, 2003), as are those who have worked with other en-

trepreneurs (Nanda & Sørensen, 2010). Given that someone has chosen to start a new firm,

founders with more experience (Cassar, 2014; Eisenhardt & Schoonhoven, 1990; Jo & Lee,

1996) have more successful firms, as do those with larger and more diverse social networks

(Stam et al., 2014).

4.2.2. Peer Production

At first blush, online peer production projects seem very dissimilar to firms. They are com-

posed of volunteers, without formal hierarchies and without paychecks. Indeed, much re-

search on OPP focuses on how these organizations can work using structures and incentives

so different from firms (Benkler, 2016, provides a survey). Surprisingly, much of this research
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has found that these supposedly decentralized, leaderless organizations are actually quite struc-

tured. For example, researchers have found that people select into different social and behav-

ioral “roles” (like jobs) that are persistent over time (Welser et al., 2011), including leadership

roles (H. Zhu et al., 2012a). In other words, OPP looks more like firms than we would expect.

We argue that at its core the decision to start a new OPP project is very similar to the

decision to start a new business. There are different costs to creating each type of organization,

different tools for recruiting and encouraging contributors, and different benefits that accrue

to founders. However, both founders and entrepreneurs organize the efforts of a group of

people to create shared outputs. Indeed, the outputs of OPP projects and firms often directly

compete.

Despite the similarity in context, very little research on peer production founders exists.

Survey-based research suggests that OPP founders have diverse expectations and modest goals

(Foote et al., 2017). In the related context of online communities, researchers found that ac-

tive and well-connected founders started longer-lived groups (Kraut & Fiore, 2014). This paper

extends these earlier works by comparing founders and non-founders and by exploring the re-

lationship between founder attributes and the growth of a community rather than its survival.

Based on the entrepreneurship research, we focus on two questions:

RQ1: How do founders differ from non-founders?

RQ2: How do founders of large and small communities differ?
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4.3. Methodological Approach

Our data comes from a dump of all edits to all wikis on Wikia.com as of January 2010.

While wikis are used for different purposes, many of the wikis on Wikia are used for knowl-

edge aggregation. The most popular wikis aggregate information about popular media, such as

Disney movies or the Harry Potter books. These wiki projects represent an important strand

of OPP but differ markedly from other OPP projects like open source software development.

2009 2010Jan Jan

March-April: Behavior 
and network measures

May-June: 
New wiki data

Jan: Wiki 
growth data

Figure 4.1. Timeline of data collection

We collected data at

three different points in

time (Figure 4.1). We

gathered behavior and net-

work measures from the

60,959 users who made at

least one edit from March

to April 2009. We then

identified the founders of the 16,904 wikis created in May and June 2009, and measured the

number of unique contributors to each of these wikis as of January 2010. We used these data

snapshots to compare the activity and network positions of those who became founders in

May or June and those who did not, and to predict the relative growth of a founder’s wikis

between founding and January 2010.

Specifically, we measured behavior and attributes which have been found to relate to found-

ing propensity or organization success in entrepreneurship. We created a number of experience

and activity measures, such as tenure on Wikia, lifetime edits, recent edits, days since editing,
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and number of days with at least one edit. For diversity of experience, we measured the num-

ber of wikis that a user had contributed to and the Gini coefficient of edits per wiki. Finally,

we measured the user’s founding expertise and experience by measuring how many wikis users

had started in the past, how often they started new pages, how often they participated in ad-

ministering wikis, and the earliest point at which they contributed to a wiki (e.g., a value of 3

means they were the third editor on a wiki).

In order to measure a user’s social capital, we created two different types of social networks

based on two kinds of activities that occur on Wikia. We used article pages to create undirected

collaboration networks, where edges are formed between an editor and the previous five edi-

tors of that page.1 Communication networks are similar but are directed: users are assumed

to be talking to the previous five editors on a talk page or to the owner of a user talk page. We

created unweighted networks for each wiki and created each unweighted global network by

combining the wiki networks. For each of the two network types, we measured the degree

centrality, betweenness centrality, and PageRank of each user. There is, of course, no direct

way to measure social capital, but these are somewhat overlapping measures of how presti-

gious and involved a user is in the network (Wasserman & Faust, 1994). We also calculated

“coreness”, which is a measure of how integrated a user is (Barberá et al., 2015). We measured

these values for each user in the global networks as well as in the wiki-level network for the

wiki they were most active in.

We defined founders as the first three editors to a given project, since many founders start

new wikis as groups (Foote et al., 2017). We measured growth as the number of unique con-

tributors to the wiki from the time of its founding until January 2010. Because a given user

1Similar analyses, (e.g., Zhang & Wang, 2012) connect all editors, but a cutoff more closely approximates the
social interactions we are interested in.
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might start multiple wikis during our data collection, we used the median community size for

all foundings that a user was a part of. We also included a control for when the median wiki

was started.

Because there is so little research specifically on peer production founders we took an ex-

ploratory and hypothesis-generating approach. Our predictors had a high degree of multi-

collinearity, so we used elastic net regularized regression to identify candidate predictors (Zou

& Hastie, 2005). We used the smaller set of predictors produced by this procedure in regression

models for each of our research questions.

4.4. Results

There is one interesting result which doesn’t require any modeling. We learned that found-

ing is a rare activity for established users. Of the 60,959 users who were active in March and

April 2009, only 823 founded a new wiki in May or June. That is not to say that founding is

rare overall. There were 8,496 founders in May and June, meaning that nearly 90% of wikis

were founded by new users.

For the rest of the analyses, we remove users with ’bot’ in their username (N= 104) and

low-activity users who don’t appear in both the communication and collaboration networks

(N = 45,775). There were also Wikia employees who we could not identify automatically, so

we remove all users with edits to more than 100 different wikis (N = 24). This leaves us with

a sample of 15,184 users and 470 founders.

For our first research question, we try to predict which users would become founders. Fig-

ure 4.2 shows the results of a logistic regression with the predictors identified by the elastic net
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Figure 4.2. Left: Scaled coefficient estimates with 95% confidence intervals for
predicting of whether a user becomes a founder (N = 15,184). Right: Density
plots of the number of edits and the number of wikis edited in March and April
2009 by those who become founders in May and June 2009 (blue) and those who
do not (red).

procedure. Given our earlier finding that founders are likely to be new users, it is not surpris-

ing to see that tenure has a negative relationship with founding. However, both activity (edits)

and diversity of activity (wikis edited, Gini of edits per wiki) predict becoming a founder, as

was found to be the case in the entrepreneurship literature. This suggests that founders are

either new users or active users. Founding experience is also positively related, with creating

pages, founding other wikis, and being an early participant all predicting founding. Social cap-

ital is mixed, with communication network indegree as a positive predictor while PageRank

and integration (coreness) are negative predictors. Overall, the difference between founders

and non-founders is quite pronounced along many dimensions. On the right side of Figure 4.2

we show a few density plots comparing the number of edits and the number of wikis edited,

respectively. In both cases, there are clear differences between founders and non-founders.
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terplots of the median words per edit and total edits on the x axes and median
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In Figure 4.3 we show the results of a negative binomial regression predicting the median

number of contributors that a founder’s wikis received as of January 2010. This relationship is

much noisier and much more difficult to model. The scatterplots on the right show two of the

strongest predictors of growth and even these are incredibly noisy. This suggests that founder

behavior and attributes do not have a strong effect on community growth. That being said,

the analysis does offer a few insights. First, there is a benefit to experience in terms of editing

activity, while experience as an admin has a negative relationship to community growth. Social

capital is mixed, although most predictors show a positive relationship with growth. The

median edit size of a founder’s edits positively predicts growth. Finally, it is worth noting that

the regularization step eliminated diversity measures from this model, suggesting that there

is no significant relationship between diversity of experience and community growth in this

dataset.
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4.5. Discussion

We believe that the results of this exploratory study provide a foundation for future work.

For example, founders in our study edited many different wikis and were more likely to start

new pages. However, neither of these behaviors were good predictors of community growth.

This suggests that many founders seek novelty and new experiences but then abandon their

communities quickly to move on to the next new thing. Future research should look more

explicitly at novelty-seeking behavior.

Our findings regarding social capital suggest additional hypotheses to be tested. We saw

that integration in the global network was negatively related to becoming a founder but posi-

tively related to community growth. One explanation is that those who are on the periphery

are discontent and thus more likely to start new communities but are ironically less able to

grow their communities since growth requires spending social capital which they do not have.

Finally, we saw that a founder’s typical edit size was the strongest predictor of growth. The

reason for this relationship is not obvious, but one explanation is that people who make large

edits typically add lots of information to a page and that wikis with more information are able

to attract new contributors. Future work could test this hypothesis through experiments or

causal inference.

4.6. Conclusion

There are important limitations to this work. Most obviously, we only look at founders

who have previous activity on the site. Nearly 90% of the founders in our dataset were new to

the site. This is consistent with research which shows that new communities can be founded

as a way of learning about a site (Foote et al., 2017), but this also means that our approach
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cannot tell us anything about the majority of founders. Our results regarding the propensity

to found and community growth only apply to existing members and the attributes and im-

pact of new member founders are likely to differ. In addition, while we study a very large

population of projects, they are all wikis on the same platform and all of the data comes only

from activity on that platform. Interviews or surveys could help us to gain a richer under-

standing of how founding decisions are made and whether our measures accurately represent

the constructs as proposed. Finally, similar analyses in contexts such as GitHub are needed to

test generalizability.

Despite these limitations, we believe that this dataset and analysis provide unique insight

into an important phenomenon and establish a set of intuitions for future work on peer pro-

duction and public goods production to build upon.
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Social computing researchers have developed a number of theories about how

and why people join online groups. These processes have implications for the

dynamics of groups and populations of groups but these higher-level impli-

cations are rarely tested. We use agent-based simulation to model the large-

scale results of lower-level rules of interaction. We argue that simulation is

useful for studying social computing questions and we apply this approach

to test whether current theories about how people are exposed to and decide

whether to join online communities result in the highly skewed community

sizes and participation rates that are observed empirically. Our simulations

show that theories of group joining and exposure are inadequate on their

own to predict these behavior patterns. However, when both mechanisms



111

are combined they provide a plausible explanation for a portion of the em-

pirical skew in community size and participation rate distributions. We sug-

gest that further theory is needed to explain the additional skew in online

community participation.

5.1. Introduction

Why do people join and participate in online communities? Why do current members stop

participating? These questions are important for platform designers but also for social scien-

tists seeking to understand why certain groups gain power and influence. Social computing

researchers have studied these questions and have developed a number of theories describing

how people are exposed to online communities, how they decide whether to lurk or partic-

ipate, and when they decide to leave (Bryant et al., 2005; Panciera et al., 2009; Preece et al.,

2004; Ren et al., 2012; Resnick et al., 2012).

These theories are often the result of individual-level analysis. They focus almost exclu-

sively on how individual people decide to participate in a specific community and are validated

at this individual level. However, these individual-level decisions have huge implications for

communities and populations of communities. Indeed, community sizes and activity levels

are the aggregation of interdependent decisions made by individual potential contributors.

Understanding how individuals decide which communities to participate in should allow us

to predict higher-level behavior.

For example, the distribution of how many communities each person participates in and

the distribution of participants per community are both highly skewed. Individual-level theo-

ries are not typically informed by or validated with this higher-level behavior and often ignore
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interdependence in decision-making. It is not clear whether social computing theories about

how individuals are exposed to and decide whether to participate in groups would predict

these empirical patterns.

Testing higher-level effects of individual-level theories can be incredibly difficult and it is

unsurprising that it is rare. In this paper, we use agent-based simulation as a methodological

bridge between individual-level social computing theories and population-level outcomes.

We use social computing theory to inspire formalized models of word of mouth exposure

and expected utility participation rules. We show that when tested separately, simulated agents

acting according to these rules do not produce distributions of participation rates or commu-

nity size similar to those seen in real-world data. On the other hand, when we combine the two

models—when agents learn about new communities via their current communities and join

those which are growing most quickly—communities exhibit the same kind of rich-get-richer

dynamics that we see in online community platforms like reddit.

A combined model also partially explains the highly skewed number of communities per

person but is not as skewed as behavior on empirical community platforms. We suggest there

must be additional mechanisms which contribute to highly unequal participation rates and

provide avenues for future research. We conclude with a discussion about the potential for

agent-based modeling in social computing research.

5.2. Background

5.2.1. Dynamics of participation in online communities

Our claim that participation theories typically ignore community-level and population-level

outcomes does not mean that these outcomes are not important to social computing researchers.
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Figure 5.1. Distribution of members per subreddit in January 2017, where each
member had to have made at least 5 comments. The X axis is the proportion
of all participants who participated in a given subreddit.

Indeed, a persistent puzzle in online community research is the existence of highly skewed,

“heavy-tailed distributions,” which appear along multiple dimensions of participation (Adamic

& Huberman, 2000; Johnson, Faraj, & Kudaravalli, 2014). In the context of participation deci-

sions, the two most important dimensions are the distribution of participants per community

(community size) and the distribution of communities per participant (participation rate). Both

of these are highly skewed. For example, in one month on the link sharing site reddit, twelve

subreddits1 had over 100,000 unique contributors, while over 44,000 subreddits had fewer than

five contributors (Figure 5.1). The number of subreddits that each user account contributed

to follows a distribution with a similar shape. While most people are active in only one or

two subreddits, a few people participate in dozens (Figure 5.2).

One approach to explaining these heavy-tailed distributions is fundamentally mathemat-

ical, theorizing that they arise from “cumulative advantage,” where success begets success

(Barabási & Albert, 1999; Merton, 1968). This approach is simple and concise, but has little

1Subreddits are topic-based communities created by users of the site.
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Figure 5.2. Distribution of subreddits per person from a sample of 10,000 users
in January 2017, where each person had to comment at least five times to be
considered a member.

explanatory power on its own. Researchers still must identify the sources of the cumulative

advantage mechanisms.

Two strands of social computing research attempt to explain differences in outcomes be-

tween communities. The first treats each community as independent and models aspects of

the community, its members, or their interactions as predictors of things like community size

or longevity (Crowston & Howison, 2005; Crowston et al., 2006; Kittur & Kraut, 2010; Kraut

& Fiore, 2014; Shaw & Hill, 2014). From this perspective, differences in outcomes arise from

and are explained by things that happen within a community. For the most part, this research

does not seek to explain the overall distributions of community size. In addition, this ap-

proach completely ignores the fact that individuals may participate in multiple communities

and is therefore unhelpful in explaining participation rates.

A second stream of research takes an organizational ecology approach to online commu-

nities. Organizational ecologists repurpose conceptual tools from biology to understand the

outcomes of groups like firms or social movements (Hannan & Freeman, 1977; Soule & King,
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2008). The key claim of organizational ecology is that much of the difference in group out-

comes is a result of competition between groups. Applied to online communities, researchers

have shown the effect of competition on communities that overlap in membership or topic

(TeBlunthuis et al., 2017; H. Zhu, Chen, et al., 2014; H. Zhu, Kraut, & Kittur, 2014). Eco-

logical studies do take population dynamics into account and seek to explain community size

distributions. However, this research typically moves agency to the organization and treats

people as resources that organizations compete over. We extend this approach by looking for

mechanisms of competition in the way that individuals are exposed to, navigate, and produce

a system of competing communities.

In short, we have a rich literature on individual-level decision-making which rarely con-

siders higher-level behavior and a growing literature on community dynamics which rarely

considers the individual-level decisions that are the key mechanisms behind higher-level dy-

namics and between-group competition.

An accurate theory of how people decide which communities to participate in should

predict the emergence of heavy-tailed participation rates and community sizes. In the next

section, we describe social computing theories of participation and exposure in more detail

and build up intuitions for their relationship to participation rates and community sizes.

5.2.2. Participation decisions

People join offline and online groups in order to advance their goals and to meet their needs

for information, group identity, social interaction, or a sense of purpose (Klandermans, 2004;

Resnick et al., 2012). For the most part, social computing research on this topic focuses on

individuals deciding whether and how to participate in a given community. For example, a
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growing body of research has studied how people begin contributing on Wikipedia, how new-

comers are socialized, and what factors induce people to stop contributing (Bryant et al., 2005;

Halfaker et al., 2013; Panciera et al., 2009; Shaw & Hargittai, 2018). This research suggests that

in addition to having interest in a community, people estimate the impact and importance of

their contributions. All else being equal, there are more benefits to being part of a larger

community. For example, when the government of the People’s Republic of China elimi-

nated access to Wikipedia for their citizens, other Chinese-speaking Wikipedians responded

to this reduction in community size by dramatically reducing their participation (Zhang &

Zhu, 2011).

After joining a group, people develop increasing commitment to it. Attachment to a com-

munity can come through both identity and social relationships; the extent to which a person

has these attachments influences whether they continue to participate (Danescu-Niculescu-

Mizil, West, Jurafsky, Leskovec, & Potts, 2013; Kairam et al., 2012; Kraut et al., 2012; McPher-

son & Ranger-Moore, 1991; Shi, Dokshin, Genkin, & Brashears, 2017). From this perspective,

people are more likely to exit groups when the costs of participation exceed the benefits.

In sum, people joining and leaving communities react to the state of the community and

their expectations about what the community will look like in the future, paying particular

attention to the future size of the community. This model was summarized by (Resnick et al.,

2012) with a mathematical equation. They claim that participation decisions are a function of

participation benefits, early adopter benefits, and startup costs. Participation benefits include

social relationships, entertainment, and information, and are a function of the eventual size of

the community. Early adopter benefits might include influence, reputation, or even revenue

sharing. Startup costs include learning new software, learning the norms of a new community,
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and building reputation and social ties. If someone believes that the expected utility of the

participation benefits plus the early adopter benefits outweigh the costs then they will join or

continue to participate.

These theories have clear implications for the distribution of community sizes. They sug-

gest that when faced with a choice people are more likely to join larger communities. This

is a clear example of cumulative advantage, the mathematical mechanism behind heavy-tailed

distributions. It’s not clear whether these models are strong enough to produce the extremely

skewed community sizes that we see in online community platforms but it seems likely that

they will at least push the distribution in that direction.

Proposition 1: Expected utility models of participation produce community sizes that are right-

skewed.

On the other hand, the implications for the number of communities per person is much

less clear. These theories and empirical findings are typically focused on explaining whether

someone will participate in a given community and do not explicitly address how people de-

cide how many groups to participate in. There is no evidence that they produce cumulative

advantage mechanisms, such as being more likely to join a community if you already partici-

pated in many communities.

5.2.3. Exposure Processes

Exposure processes refer to how someone learns about a new online community. Exposure has

been theorized as being a combination of impersonal exposure—like advertisements or search

engine results—and interpersonal exposure, which occurs through social networks, with in-

terpersonal exposure being more important (Kraut et al., 2012).
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The basic idea behind interpersonal exposure is that people learn about new things via

their social ties. A fairly extensive literature has emerged around product recommendations

in online communities, called “electronic word of mouth” (Cheung & Thadani, 2012). This

research has found that people’s consumer behavior is influenced by the opinions and recom-

mendations they get from other community members. We can consider other online commu-

nities as a type of product that may be recommended to other users. These kinds of recom-

mendations and references to other communities are common. For example, in January 2017,

792,643 comments on reddit included links to other subreddits, which represents over 1% of

all comments.

Given the prevalence and importance of word of mouth exposure, we focus on under-

standing the implications of this theory for higher-level behavior. At first blush, there appears

to be little connection between word of mouth exposure and community size distributions.

However, larger communities by definition have more members, and therefore more people

out there to talk about them. This leads to more people joining them than smaller commu-

nities, leading to even more people out there talking about them: another clear example of a

cumulative advantage mechanism.

Proposition 2: Word of mouth exposure mechanisms produce community sizes that are right-

skewed.

It is not quite as straightforward, but word of mouth exposure also offers a potential ex-

planation for the unequal distribution in the number of communities each person participates

in (what we call the participation rate). If the number of communities someone hears about

is partially a function of the number of communities they participate in, then those in many

communities will be exposed to more new communities than others. All else being equal, this
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would produce the sort of positive feedback loop that results in heavy-tailed distributions. As

with the expected utility models of participation, it is not clear whether these mechanisms are

strong enough to produce extremely skewed community sizes and participation rates but we

posit that they will produce some skew in these distributions.

Proposition 3: Word of mouth exposure mechanisms produce individual participation rates

that are right-skewed.

Even if neither of these mechanisms are powerful enough on their own to explain highly

unequal empirical patterns, a model that combines both of them provides an additional feed-

back loop. In this combined model, people are not only more likely to be exposed to larger

communities but they are also more likely to join them and therefore to expose others to

these larger communities, who will also be more likely to join them, etc. This cumulative

effect should provide even greater skew to both community sizes and participation rates.

Proposition 4: People who are exposed to communities via word of mouth and join them based

on expected utility will produce the most highly skewed distributions of community size and par-

ticipation rate.

Theories about social exposure and participation behavior were not designed to explain

extremely unequal community sizes or participation rates. However, we have laid out a num-

ber of places where these theories suggest opportunities for communities and individuals to

experience cumulative advantage, which is a fundamental explanation for highly skewed dis-

tributions like these. What is not clear is whether reasonable interpretations of these theories,

whether tested alone or in tandem, are sufficient to explain the extreme heavy-tailed distri-

butions that we see empirically or only enough to explain a small portion of the skew. We
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use agent-based simulation to simulate people behaving according to these theories and then

measure and visualize participation rates and community sizes.

5.3. Analytical Approach

5.3.1. Agent-based simulations

It is difficult to directly tie individual-level behavior to higher-level outcomes, which may be

why these relationships have been largely unexplored in the social computing literature. For

example, it is hard to think of an experiment or observational analysis that could show a

relationship between different theories of exposure and aggregate measures of community

sizes.

Many other disciplines, such as ecology, economics, and sociology, are faced with similar

difficulties, often referred to as the “micro-macro divide” (Opp, 2011). In these disciplines,

as in social computing, researchers study “agent-based complex systems” (Grimm et al., 2005)

where properties of the larger system emerge from the interdependent decisions that agents

make.

Researchers in these disciplines often turn to the use of agent-based simulation in order to

bridge the micro-macro divide (Grimm et al., 2005; Wilensky & Rand, 2015). Agent-based

simulations (or agent-based models) use computers to simulate the behavior of agents who

can perceive their local environment, make decisions, and learn from their past experiences.

Simulations thus allow researchers to isolate and study the relationships between micro-level

decisions and macro-level outcomes (Grimm et al., 2005).

We begin with a null model based on agents behaving randomly. We then build models

of expected utility-based participation processes and word of mouth exposure, attempting to
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capture the key mechanisms of each set of theories. For each theory, we follow a “pattern-

oriented” approach (Grimm et al., 2005) by comparing simulations of the theoretical model

to empirical patterns of community size and communities per person which were observed

on reddit in January 2017.2

Our goal is not to fully explain behavior on reddit; rather, we seek to understand how

changes to how agents behave move the general shape of the distributions further or nearer to

what we observe empirically. We therefore do not use statistical tests to compare distributions.

Rather, we compare histograms to get a sense of how simulated versions of social computing

theories drive changes in the skew of aggregate behavior.

This allows us to identify theories that are inconsistent with patterns observed in the real

world and to refine theories and models (Grimm et al., 2005). For each model, we modify a

naive formalization in a way that is consistent with the theory and with common sense but

also seems likely to be a better fit to observed patterns. In other words, we ask whether there

are plausible modifications that might be made to the way agents make decisions that could

result in more highly skewed participation. Upon simulating the revised behavior, we again

evaluate the results against benchmarks (i.e., community sizes and individual participation

rates) at multiple levels of the empirically observed system. Multi-level evaluation helps ensure

that our models are not simply over-fitting to a single dimension of the systems or processes

in question. This approach can help us to both show the limits of theory in explaining certain

higher-level behaviors as well as to provide insight into gaps in current theories.

2These patterns are very similar in shape to other time periods in reddit and to patterns in other online commu-
nity platforms.
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5.3.2. Baseline simulation model

For all of our simulation models, we begin with a population of people (agents) and a popu-

lation of communities. During each “month” each person is exposed to a subset of the com-

munities. They decide which (if any) of the communities to join, and which (if any) of their

current communities to leave. Based on the empirically observed ratio of participants to com-

munities on reddit, we model a population of 9,000 people who can be exposed to and join

any of 200 communities.3 For each run of the simulation, we stop after 24 “months” and mea-

sure the number of communities per person (community size) and the number of people per

community (participation rate).

We begin with a null model, where exposure, joining, and exiting are all random. This

both acts as a check that our subsequent models behave like we would expect in simplified cir-

cumstances and also shows the “main effect” of varying some of the fundamental parameters.

We can also use these null, random models as a baseline to compare to more complex models.

For this set of models, in each simulated “month” every person examines the set of com-

munities they belong to and leaves each one with probability pl . Each month they are also

exposed to a set of communities where each community is drawn from the total pool with

probability pe ; they join each of these communities with probability p j . After 24 months we

examine the distributions of communities per person and people per community.

The probability of someone being exposed to a given community is not observable in the

real world—we don’t know how many or which online communities people are exposed to.

It follows that we also do not know the probability that someone joins a community after

3In January 2017, there were 3,578,907 active commenters on reddit who commented in 78,201 subreddits, a
similar ratio to what we use in our simulations.
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exposure. We assume that both of these values are fairly low, and test pe and p j at the levels

{.01, .05, .1, .2}. We do, however, have evidence of how often people leave online communities.

Looking at all of the people who commented at least five times in any given subreddit in

January 2017, we see that 56% of them did not comment at least five times again in February.

We use that as a reasonable estimate of the baseline probability of leaving a community and

set pl to .56.

5.3.3. Expected utility-based participation

We build on this baseline model in order to simulate agents acting based on expected utility

theories of group joining behavior. We base our model on the theoretical model proposed by

Resnick et al. (2012) which we explained earlier. The Resnick et al. model is formalized in

that it is written in equations, but the items in the expected utility equation are only intended

to give broad strokes about the factors that influence decision-making processes. The authors

were interested in creating a framework for thinking about how a given design choice might

change general behavior; they were not attempting to design a function to predict how a given

person would respond in a given situation. Our task in building agent-based simulations is to

translate these general concepts into rules specific enough for agents to follow.

Our goal is to create a set of rules that represents the central aspects of expected utility the-

ories of participation. In our first model, we do this in a naive way. We assume that people are

randomly exposed to communities in the same way as in the baseline model. However, instead

of choosing randomly which communities to leave and which to join, they create a combined

set of their current communities and the new communities they are exposed to. They then

estimate the net benefit that they will receive from participating in each community and order
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their choices. They participate in each of the top pk proportion of these communities if its ex-

pected utility is positive. Again, we expect that people only participate in a small proportion

of the communities that they consider, and we allow pk to take the values {.05, .1, .2}.

As a reminder, expected utility is calculated as participation benefits plus early adopter

benefits minus startup costs. Resnick et al. (2012) treat participation benefits as a fixed quan-

tity that can be either earned or not; we argue that it makes more sense to treat these bene-

fits as monotonically increasing with community size. A community with 1,000 people has

more information, more opportunities for friendship, etc., than a community with 100 peo-

ple. However, this benefit is likely to scale sublinearly — the community with 1,000 people

is not 10 times more valuable. We therefore calculate participation benefits as the log of the

anticipated size of a community.

Similarly, we also treat early adopter benefits as a continuous measure. The basic idea is

that the earlier you join a community, the more opportunity for influence and reputation.

These benefits also increase with the eventual size of the community, but decrease based on

how large the community was when you joined. We calculate early adopter benefits as the log

of the future size divided by the log of the current size. Specifically, these two measures are

calculated as:

PB = l o g (SF + 1)

EA=
l o g (SF + 1)
l o g (SC + 2)

where PB is the participation benefits, EA is the early adopter benefits, and SC and SF are the

current size and estimated future size, respectively. Finally, we assume that startup costs (SC )
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Figure 5.3. Plot of the utility that an agent would get if they were the X th
person to join a community that grew to size Y . Switching costs are set at 2.

are fixed and identical across communities, but only apply to communities an agent doesn’t

already belong to. The total utility for a given community is calculated as PB + EA− SC .

This leads to expected utility that has a reasonable congruence with the theoretical model

(See Figure 5.3). Communities which are predicted to grow large have higher utility, especially

those where the person has the opportunity to join while the community is still small.
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There remains one important missing piece before we can simulate agents, however: we

don’t yet have a function for how people predict the size that a community will grow to. For

our initial model, we assume that the current membership level is visible to people and that

they make a linear projection from the time that the community started to six months in the

future. They then use this estimate in the equations to estimate predicted utility.

5.3.4. Simulating word of mouth exposure

Unlike the model of participation decisions, we don’t have a partially formalized model of

word of mouth exposure to build from. There are many different ways to operationalize social

exposure but we again begin with a naive approach that is consistent with the main ideas of the

theory. In this model, we assume that people hear about new communities through people

in their current communities. For each of the j communities that an agent belongs to, k

fellow community members are chosen randomly. For each of these k members, l of their

other communities are randomly shared. This leads to an exposure set with a maximum size

of j ∗ k ∗ l .4 The focal agent then randomly selects a subset of these communities to join

with probability p j = .1. If someone does not yet belong to any communities, then they are

exposed to a random set of communities with probability pe = .1.

We assume that people in larger communities are exposed to more others in the commu-

nity. We therefore set k = c e i l (l o g (s i ze + 1)). We test different values of the number of

projects each neighbor shares (l ) from 1 to 4.

4The size of the exposure set will be smaller if the chosen fellow members have fewer than l other communities
to which they belong or if the communities which they share overlap.
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5.3.5. Combined model

For each of the standalone models (expected utility decision-making and word of mouth ex-

posure), we simulate a naive model and then—based on the results—make reasonable modifi-

cations to attempt to create higher-level behavior that hews more closely to empirical data.

We take these modified models and combine them into a shared model that includes both

social exposure and expected utility decision making. We compare these final results with the

shape of the distributions found in populations of online communities.

5.4. Simulation results

We visualize a null model, showing the behavior of agents acting randomly, followed by

three main sets of results. For each set of models, we show histograms of community sizes in

blue followed by histograms of participation rates in gray.5 We facet these plots to show how

these distributions change at different levels of relevant parameters. In order to get a sense of

the overall influence of a model we interpret the general shape of each set of histograms rather

than focusing on the results from a single simulation.

Simulated agents using expected utility-based participation rules or word of mouth expo-

sure rules alone resulted in skewed community sizes but failed to produce really large commu-

nities like we see empirically. A combined model, however, resulted in community sizes that

are broadly similar to empirical communities, including the emergence of very large commu-

nities. The combined model also produced skewed participation rates, although they were not

5Our empirical results from reddit only include people and communities who were active; to create an accu-
rate comparison we visualize only communities with at least one member and people belonging to at least one
community.
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Figure 5.4. Distributions of contributors per community as the probability of
exposure (vertical axis) and probability of joining a given community (hori-
zontal axis) change. Within each plot, the X axis is the proportion of all con-
tributors that are in a given community and the Y axis is the number of com-
munities. Unsurprisingly, none of the distributions resemble the heavy-tailed
community sizes seen empirically.

nearly as unequal as empirical data. We give a more detailed explanation of each set of results

below, followed by a discussion of how to interpret them.
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Figure 5.5. Distributions of communities per contributor as the probability
of exposure (vertical axis) and probability of joining a given community (hori-
zontal axis) change. Within each plot, the X axis is the number of communities
joined and the Y axis is the number of people. None of the distributions re-
semble the heavy-tailed community sizes seen empirically.

5.4.1. Null model

The results from the null model are shown in Figures 5.4 and 5.5. Figure 5.4 shows the dis-

tributions of community sizes as the joining probability and exposure probability changes.

Figure 5.5 shows the distributions of communities per person.
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Unsurprisingly, we find that the results of these simulations do not resemble the distri-

butions that we see in real online communities. The results resemble binomial distributions:

when the probability of exposure and joining are low the distribution is slightly skewed but

at higher probabilities it is bell-shaped. To simplify our models, for those models which use

random exposure or random joining, we report those where pe = p j = .1.6

5.4.2. Expected utility-based participation

Figure 5.6 shows the results when agents use the expected utility approach based on Resnick

et al. (2012). Agents estimate that communities will grow linearly and use this estimate to

calculate the utility they will receive from the community. When people only join a small

proportion of the communities they are exposed to, this produces a more skewed distribution

of community sizes. This makes sense, because when agents only keep a small proportion of

communities they will prioritize the largest communities. However, there is a tradeoff: when

people only join a small proportion of communities, then no one can join lots of communi-

ties, which is the behavior we see in real online populations. In short, this model produces a

distribution of community sizes that is more skewed than the null model but does not have

nearly the same heavy tail that we seen in reddit. Even the largest communities have only 9%

of the membership total, while the largest reddit communities have over 20%. As expected,

when it comes to the number of communities per person, this model offers no improvement

over the null model.

It is difficult to think of any reasonable changes to the model that would strongly influence

the participation rate to become more skewed. On the other hand, it is tempting to think that

6For more complicated models, we report pe = p j = .05 in the appendix as robustness checks.
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Figure 5.6. Distributions of community size (upper) and participation rates
(lower) when agents are exposed to a random set of communities and choose
based on expected utility. Moving from left to right, the proportion of com-
munities that they join increases.

we might be able to produce more skewed community size distributions. In order to do that,

people must be even more likely to join already large communities. There are a few ways that

our model might push people in this way. The simplest is to tweak the way that they estimate

future sizes. In Figure 5.7, agents fit a quadratic equation rather than a linear equation to a

community’s current size and use that to predict the size in six months. This has the effect
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Figure 5.7. Results for random exposure and expected utility participation,
when future size is estimated based on a quadratic equation. The results are
nearly identical to Figure 5.6, suggesting that people were already joining the
largest projects.

of increasing the predicted size of already large communities by much more than it increases

the predicted size of small communities. However, Figure 5.7 is almost identical to Figure 5.6,

suggesting that agents were already selecting the largest communities.

Indeed, no simple tweaks to our model of decision-making could produce the kind of

superstar communities that we see empirically. In our model, people are exposed to a small,
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random proportion of communities. Even if they always join the largest community or set of

communities they are exposed to, no community will be seen often enough in 24 months to

create a heavy-tailed distribution.7

5.4.3. Word of mouth exposure

We next look at simulations of word of mouth exposure. We predicted that word of mouth

exposure would have cumulative advantage effects, and would lead to skewed community

sizes and participation rates. We assumed that large communities should be more likely to

be shared, solely because more people belong to them. However, this naive model where

people share a random set of communities results in a bell-shaped distribution of community

sizes. We discuss possible explanations in the discussion section.

Nor does this model produce clearly skewed participation rates, with the exception of

when people share only one community. Even here, it does not capture the heavy tail seen on

reddit and likely results from truncated participation rates rather than cumulative advantage

mechanisms.

As before, we compare the results of the simulations with our empirical patterns and ask

what changes we might make which seem consistent with common sense, prior theory, and

empirics. The most obvious is to assume that instead of choosing randomly which communi-

ties to share, people will share the largest communities to which they belong.

Figure 5.9 shows the results of these simulations. Both community sizes and participation

rates are much more skewed in this model, suggesting that our overall intuitions about the

potential for cumulative advantage mechanisms were correct. However, these measures are

7Results from a simulation of this are shown in Figure 5.15 in the appendix.
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Figure 5.8. Community sizes (upper) and participation rates (lower) when peo-
ple are exposed to random new communities via people in their current com-
munities. Moving from left to right, the number of communities that each
“neighbor” shares increases.

still much less skewed than empirical populations. In particular, as with earlier models, none

of these effects were strong enough to produce “superstar” communities that were much larger

than others. Nor did they produce “superstar” participants. In addition, even the general

shape of these distributions appears to be fragile. In the appendix, we show the results from a

robustness check with slightly lower joining probabilities where we find very different results.
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Figure 5.9. Community sizes (upper) and participation rates (lower) when peo-
ple are exposed to new communities via people in their current communities
sharing the largest communities to which they belong. Moving from left to
right, the number of communities that each “neighbor” shares increases.

5.4.4. Combined model

Finally, we combine our models of exposure and joining behavior. In this combined model,

people are exposed to new communities via people sharing the largest communities they al-

ready belong to, and they join or leave them based on the expected utility using the linear
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Figure 5.10. Community sizes when people are exposed to new communities
via people in their current communities sharing the largest communities to
which they belong. Moving from left to right, the proportion of communi-
ties kept increases; from top top bottom, the number of communities that each
“neighbor” shares increases.

estimation technique. Figures 5.10 and 5.11 show the results of this combined model across a

range of parameters.

When word of mouth exposure combines with expected utility decision-making, agents

are exposed to and incentivized to join larger communities. As we expected, these effects

are additive and for the first time the simulations produce both a skewed distribution and the
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Figure 5.11. Communities per person when people are exposed to new com-
munities via people in their current communities sharing the largest commu-
nities to which they belong. Moving from left to right, the proportion of com-
munities kept increases; from top top bottom, the number of communities that
each “neighbor” shares increases.

production of “superstar” communities to which a large proportion of the participants belong.

While these distributions are still not as skewed as empirical community sizes, the general

shape is fairly similar and is robust to different parameters for how exposure and community

choice are made.8 Participation rates under the combined model are also more skewed than
8In the appendix, we show the results of a robustness test with lower exposure probabilities and find similar
results
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either model when acting alone, although they are not as skewed as community sizes or as the

participation rates we see on reddit.

5.5. Discussion

For the most part, our prior beliefs about the relationship between social computing the-

ories of exposure and participation were borne out in the simulations. Expected utility-based

participation rules and word of mouth exposure both resulted in right-skewed community

sizes, although when considered separately they did not produce the extremely large commu-

nities seen in empirical data. A combined model produced moderately realistic distributions

of community size—including very large communities—robust to different parameters. This

combined model also produced the most realistic participation rate patterns, although these

still were not nearly as unequal as the number of communities that online participants con-

tribute to.

A few findings bear further comment. First, we observed that random exposure limited

the opportunity for heavy-tailed community sizes. If we believe that people are only exposed

to a small proportion of the total population of communities, then exposure processes cannot

be random. Mechanisms that make it more likely that people will consider larger communities

rather than smaller ones are required to produce extremely large communities.

Second, the effect of word of mouth exposure was highly dependent on which communi-

ties people shared. When sharing a random community, social exposure had very little impact

on the distribution of community sizes or participation rates. A possible explanation is that

when people only belong to a few communities (which is how our simulation begins) and

share randomly, no community gets large enough to get the benefits of social exposure. Our



139

pattern-oriented approach led us to model agents choosing to share the largest communities

to which they belonged, and only then did word of mouth exposure lead to skewed commu-

nity sizes and participation rates. Our simulations suggest that people are more likely to share

large communities, a theory which should be tested empirically.

Even when people shared the largest communities they belonged to, none of the commu-

nities became really, really large. One explanation is that through sharing, people start to

naturally cluster so that they are mostly sharing the same set of communities with each other.

Future research could explore directly the emergence of clusters in these models and compare

these to participation clusters in online community platforms.

On the other hand, we found evidence for a positive feedback loop in the combined model.

When agents were both more likely to join larger groups and more likely to be exposed to

larger groups, we saw an increase in the skew of both community sizes and participation rates.

In sum, these simulations suggest that social exposure combined with expected utility

decision-making provide a partial explanation for empirical participation patterns. Our re-

sults do suggest that there is more to the story, however. In particular, more research is needed

to identify additional mechanisms of cumulative advantage in individual participation rates.

For example, perhaps people’s willingness to join a new project increases as they participate in

more projects or their interests broaden and they increase their exposure to new communities.

5.5.1. Limitations

Our approach has a number of important limitations. One is common to all agent-based sim-

ulations: while we chose a set of models that we believe capture the most important aspects of

the real-world system, other reasonable formulations could have different outcomes. Guided
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by theory, we attempted to identify the aspects of the model most likely to be the source of

variation and to paramaterize and test these. However, our findings suggest that other aspects

of the environment are also important and influence patterns of participation behavior.

For example, we treated all of the agents and communities as homogeneous. While our

model provided plenty of opportunity for heterogeneity to arise, it is possible that external

heterogeneity in free time or interest level or skills could be magnified by participation in

online community platforms and could help to explain additional skew in participation.

Finally, future work should look at how well these models predict additional behavioral

patterns, such as clustering in participation networks or temporal patterns of contribution.

5.6. Implications and conclusion

Our simulations suggest that individual-level theory provides a partial explanation for how

highly skewed distributions of group sizes arise: people learn about new communities from

the communities they are already in and join the communities that are growing quickly. This

simple model elides much of the complexity of how the real world works but is a plausible

first approximation to explain the source of community size distributions. This suggests that

much of the attention that large online communities get may be based on luck rather than

being the result of any intrinsic value (c.f., Salganik, Dodds, & Watts, 2006).

On the other hand, we provide evidence that individual-level social computing theories do

not provide powerful enough cumulative advantage mechanisms and do much less to explain

why some people contribute to many different groups while most only contribute to one or

two. We call for more research into understanding additional mechanisms at play.
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Finally, we hope to have shown the value of simulation for social computing research.

Theories like critical mass theory (Marwell & Oliver, 1993) and complex contagion (Centola

& Macy, 2007), which were developed with the help of agent-based simulations, have been

influential in social computing research (Raban, Moldovan, & Jones, 2010; Romero, Meeder,

& Kleinberg, 2011). However, despite its influence, its fit with social computing questions,

and calls for its use from prominent researchers (Ren & Kraut, 2014), agent-based simulations

remain very rare in human computer interaction and social computing. We have given one

example of how agent-based simulation can be used to link theories and observations from

multiple levels. We believe that increased use of simulation methods would lead to better

theories of human behavior and a better understanding of community dynamics.
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5.8. Appendix

5.8.1. Robustness check results

In the text, Figure 5.9 shows the results when in the initial round people are exposed to each

community with Pe = .1 and in subsequent rounds are exposed to the k largest communities

of randomly chosen neighbors. They then join each community randomly with probability
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Figure 5.12. Community sizes (upper) and participation rates (lower) when
people are exposed to new communities via people in their current commu-
nities sharing the largest communities to which they belong, and join those
communities randomly with probability P j = .05. Moving from left to right,
the number of communities that each “neighbor” shares increases.

P j = .1. Figure 5.12 shows the results of simulations when Pe = P j = .05. These results show

that when people start with a slightly smaller set of communities and are slightly less likely to

join new communities, nearly all of the skew of community size disappears, suggesting that

this effect is fragile.
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Figure 5.13. Community sizes when people are exposed to new communities
via people in their current communities sharing the largest communities to
which they belong, with initial exposure probability Pe = .05. Moving from
left to right, the proportion of communities kept increases; from top top bot-
tom, the number of communities that each “neighbor” shares increases.

On the other hand, Figures 5.13 and 5.14 show a robustness check for combined models.

Here, when the initial set of communities people are exposed to, Pe , is changed from .1 to .05

there is very little effect on the overall shape of the eventual outcomes.
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Figure 5.14. Communities per person when people are exposed to new com-
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ties to which they belong, with initial exposure probability Pe = .05. Moving
from left to right, the proportion of communities kept increases; from top top
bottom, the number of communities that each “neighbor” shares increases.

5.8.2. Limits of random exposure

When people are exposed to only a fairly small subset of communities, then even if they join

the largest community these communities still never grow as large as empirical communities.
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Figure 5.15. Community size (upper) and participation rates (lower) when peo-
ple are exposed to communities randomly with Pe = .1 and join the largest
community they are exposed to.

Figure 5.15 shows simulations where people are exposed to communities with Pe = .1 and

simply join the largest.
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CHAPTER 6

Conclusion

Each of the projects of this dissertation had a fairly small scope, focusing on a particular

aspect of decision-making within COO. Each project had its own findings and insights which

I have tried to enumerate both in the introduction and in each paper. In this chapter, I attempt

to identify larger themes that appear when considering the projects as a body of work. I review

what I consider to be the key insights and sketch out a brief roadmap of how to move this work

forward in each area.

6.1. Ecosystems of collaborative online organizations

In the introduction chapter, I introduced a new approach to studying systems of COO,

focused on understanding the relationship of systems and affordances to individual participa-

tion decisions. As discussed, the concept of treating online organizations as part of a larger

ecosystem is not new: Butler (2001), H. Zhu, Kraut, and Kittur (2014), and H. Zhu, Chen, et

al. (2014) are each built around the idea that COO are in relationships with each other. More

recent research like TeBlunthuis et al. (2017) and Tan (2018) take the idea of community in-

terdependence seriously and start to use the rich person-level data that we have to understand

relationships between online organizations.

However, this dissertation shows the importance of identifying the influence of the larger

ecosystem not only at the organizational level but also at the individual level. These projects

repeatedly show that individual decisions are shaped by the larger ecosystem. For example, in
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Chapter 4 we saw that being active in other COO was a good predictor that someone would

become a founder. In Chapter 3 we showed that decisions about whether to start a new wiki

and on what topic were directly influenced by founders’ knowledge of what already existed.

The founders that we surveyed reported that they intentionally started COO in niche topics

with the expectation of gaining only a small number of contributors. Finally, in Chapter 5,

we showed that even homogeneous agents who are randomly exposed to different portions of

the space of communities can end up making dramatically different decisions in the future.

We showed some of the ways in which systems influence individual decisions but future

work should do more to understand the mechanisms behind competition and mutualism. For

example, researchers could study how individual behaviors differ in situations that are mutu-

alistic versus competitive and could identify how individual decisions contribute to those dy-

namics. For example, under what conditions do people choose to create a very similar COO

to an existing one, rather than finding a new niche?

Other explanations for relationships between COO could come from a deeper understand-

ing of how people change as they move through a system of online communities. If people

change in response to their participation in a community, then adjacent communities will be

much more mutualistic that we would expect. For example, people who join a COO about

the programming language Python may actually develop more interest in programming and

may be more likely rather than less likely to join a COO about R.

Understanding how people are influenced by the COO they participate in has lots of other

important implications. If online groups are merely reflective of their members then shutting

down COO that are offensive or radicalizing will only move those people to darker corners

of the Internet. If, on the other hand, people’s interests can change based on the COO that
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they see and join, then removing some COO may actually prevent people from becoming

more offensive or radicalized. There is some important evidence that this may be the case

(Chandrasekharan et al., 2017), but digital trace data affords more opportunities for studying

the trajectories of users through COO systems.

Finally, there is room for more research about how organizations respond to ecological

pressures. For example, Seattle has two competing subreddits whose leaders intentionally po-

sition their communities in opposition to each other. More work could be done to understand

the decisions that online group leaders make when faced with direct opposition or how they

work to establish niches and mutualistic relationships. A related line of research could explore

the way that individual members adjust their behavior in response to competition. For exam-

ple, does competitive pressure move communities into more narrow niches and if so, how

does that happen? Do individual people change their posting behavior to a more narrow set

of topics or is there a selection process where only those interested in the more narrow set of

topics remain active?

6.2. Small, temporary organizations

The second insight is our evidence for the existence of small and temporary COO. Previ-

ous literature has focused almost exclusively on large online organizations with broad goals,

such as Wikipedia. Even those researchers who study populations of organizations often

assume that becoming a large, active community is the goal and treat community size and

longevity as the key metrics defining success (e.g. Kraut et al., 2012; H. Zhu, Kraut, & Kittur,

2014). This dissertation provides evidence that these approaches have a blind spot. Rather

than being homogeneous attempts to become large-scale organizations, the vast majority of
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COO exist to meet narrow and often short-term goals. The strongest evidence for this comes

in Chapter 3, where we interviewed founders of new wikis. The majority of these founders

were very clear that their goal was not a large, broad community but the creation of a high-

quality, niche information good.

The existence of these small communities is a direct consequence of the extremely low

costs to create an organization on online platforms like Wikia or reddit. If we assume that

people will only create a new community if they expect to get at least as much value out of

it as the effort required to create it then lowering the costs of creation will have the effect of

increasing the number and type of communities that are created. Low costs allow people to

create organizations to fulfill short-term needs such as a group of students organizing work

for a class project or online gamers planning their next raid. More work should be done to

understand the prevalence and purpose of these small organizations.

The affordances that make it cheap to create new COO allow for more extensive explo-

ration of the space of possible organizations. This process not only allows for the creation

of intentionally niche organizations, it also allows for the discovery of surprisingly successful

organizations. When he started the project that eventually became Linux, Linus Torvalds was

famously modest about the scope and potential for his project, which he described as “a (free)

operating system (just a hobby, won’t be big and professional like gnu)”.1 Linux is now one of

the key pieces of software behind the modern web and nearly all of the top supercomputers.

This sort of niche-becomes-popular story may be common in online organization ecosystems

and suggests a strategy that privileges exploration. Future researchers could explore the preva-

lence of these sorts of surprise successes.

1Post retrieved from https://groups.google.com/forum/#!msg/comp.os.minix/dlNtH7RRrGA/
SwRavCzVE7gJ

https://groups.google.com/forum/#!msg/comp.os.minix/dlNtH7RRrGA/SwRavCzVE7gJ
https://groups.google.com/forum/#!msg/comp.os.minix/dlNtH7RRrGA/SwRavCzVE7gJ
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Our findings also suggest that researchers should do more to identify alternative measures

of success and that focusing on growth or longevity misses much of what’s important. Re-

searchers studying one type of online organization—open-source software communities—have

been exemplary in this regard. Perhaps because software is more of a product than other COO

outputs, researchers have long recognized the importance of trying to measure the quality and

impact of the artifact and not just attributes of the community (e.g. Crowston et al., 2003;

Schweik & English, 2012). Researchers of other online organizations such as information and

entertainment communities should do more to take into account the artifacts that are created

as measures of success.

6.3. Social motivations

Third, our results suggest that there is more work to be done to understand the role of

social relationships as drivers of online cooperation. In our agent-based simulation project in

Chapter 5, we found that some form of social exposure is key to explaining patterns of partic-

ipation in COO. However, we found little evidence of the influence of social relationships on

either founders or early-stage members. From the survey research discussed in Chapter 3 and

in the previous section, we learned that wiki founders typically care much more about cre-

ating a high-quality and useful information artifact rather than about building relationships

with other participants. In Chapter 4 we learned that founders could not or did not use their

position in the social network to recruit others. Finally, in Chapter 2 we found that COO with

structures of communication which reflect integrative, participatory networks performed no

better than other COO.
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It is worth discussing the possible mechanisms behind these findings and their implica-

tions. One possible explanation, which we discussed earlier, emerges from a systems view.

Social exposure may help people to discover new COO, but when there are so many COO

on so many topics then those who join a given COO do so because they are highly inter-

ested in the topic and are already motivated (Felin, Lakhani, & Tushman, 2017). Additional

motivations, such as social motivations, simply are not necessary.

If the first explanation is for selection effects on who joins a community, another focuses

on selection effects on who remains. In organizations like firms, where exit is costly, social

relationships may help a group to reach consensus and avoid being mired in disagreement

and dissent. In COO, it may be the case that the dissenters simply exit the group, creating

consensus via exit rather than voice (Hirschman, 1970).

It is important to note that these explanations are slightly at odds with each other. If

participants are highly motivated and dedicated to a topic then while the transactional costs

to exit are low the personal costs may be quite high. Future research should work to tease

these apart and to understand more explicitly the factors that influence these selection effects.

More broadly, there is room for much more research on the influence of relationships on

individual decisions and COO outcomes. Conversations, collaborations, and relationships

almost certainly carry over from one community to another and have a hidden influence. For

example, researchers could study whether already-existing relationships help a COO to be

more productive or how they constrain which COO people are exposed to and participate in.
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6.4. Affordances and participation costs

Over and over again we have argued that many of the findings in this set of projects, and

many of the higher level implications we have identified in this chapter, are caused in part by

technological affordances which result in low costs to join, leave, and create new COO. One

effect of these affordances is that the boundaries of an online organization are much more

porous than traditional organizations like firms. The implications of porous boundaries have

been explored from the perspective of organizational research, focusing on understanding how

individual COO adapt to these conditions (e.g. Faraj et al., 2011; Felin et al., 2017).

We have tried to extend our understanding of the implications of low participation costs

in two directions. First, we have worked to understand how individuals respond to a context

where they can quickly move between COO. We have shown that low costs make people

sensitive to the state of the system and their previous experiences when deciding to create,

join, or leave COO.

We have also worked to extend these ideas up to the population level. In Chapter 5, we

showed how low-cost dynamics can result in winner-take-most ecosystems with lots of niche

communities. We have given evidence in Chapter 3 that these small COO are intentional,

diverse, and exemplify a type of organizational form that directly results from the low costs

of COO creation. Finally, we argued in Chapter 2 that low costs may result in communities

of like-minded people who are internally motivated and have thin social ties.

These arguments stem from a theoretical understanding of COO but more empirical work

should be done to study and validate the influence of transaction costs. For example, com-

menting on a subreddit is very simple while making an edit on an open-source project requires

both background skills in programming and a fairly thorough understanding of the project.
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Future work should explore how differences in costs influence individual decisions and group-

level behavior.

6.5. Conclusion

The four papers of this dissertation help to illuminate the way that early-stage online com-

munities work. In short, they are interdependent. Founders start new organizations with a

knowledge of what already exists. People learn about new COO from their current set of

communities. Past experience and relationships in one community predict the behavior that

someone will have in another.

I’ve given specific ideas for future work above, but more broadly, work in this space should

consider and embrace this interdependence. At the community level, we can understand the

behavior of COO better if we understand the relationships and experiences that its members

already have. At the individual level, we can understand better the decisions that people make

by thinking about how they perceive and understand the larger system in which they are

participating. The incredible individual-level and community-level data available allows for

exciting opportunities to do this kind of work well.
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