
ABSTRACT 

FUTCH, SARA ELIZABETH. Understanding Citizen Science Engagement through Social 

Network Analysis. (Under the direction of Dr. Lincoln Larson). 

 

As a collaboration between scientists and members of the public, citizen science enables 

researchers to answer questions and collect data that traditional research projects are not able to 

address. At the same time, citizen science has the potential to be an outreach tool that 

accomplishes educational goals and influences participant behavior. Recent research has 

revealed that citizen scientists are joining multiple projects, potentially leading to exciting 

outcomes and synergistic opportunities for project managers, volunteers, and the field of citizen 

science as a whole. But what is the frequency of this multi-project engagement, and to what 

extent are projects with diverse attributes (e.g., different topics, different modes of participation) 

connected? Our study attempted to answer these questions with a social network analysis 

approach using data generated through a large third-party platform: SciStarter.org. We wanted to 

map and understand the underlying network that is created when volunteers join multiple 

projects. Between September 2017 and December 2018, we collected digital trace data generated 

by volunteer activity on the site. During the period of data collection, 3651 volunteers joined 629 

projects in 10,710 instances of project joins. We found that 73% of volunteers on SciStarter.org 

joined multiple projects, creating a complex network of project connections. Analysis of the 

network reveals that volunteers join projects across differing project attributes, and that 

promotion activities of the platform itself may influence volunteer project choice. 

To examine the efficacy of exclusively using digital trace for similar analyses in the 

future, we also compared digital trace-based networks to those developed based on a survey of 

self-reported project engagement provided by SciStarter members (n=401). We found similar 

patterns in both the online and “real world” engagement in citizen science, though the self-

reported data included projects not posted on SciStarter, and revealed significant evidence of 

clustering (groups of volunteers joining similar groups of projects). With this research, I hope to 

further illuminate the magnitude of multi-project engagement among citizen science projects, 

informing understanding of volunteer activity on a third party platform, best practices in platform 

management and shared management of volunteers (via thematic portals, cultivated learning 

trajectories, etc.). Ultimately this research will advance the conversation about the role that 

platforms, and project networks, play in the citizen science landscape.  
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Chapter 1: Introduction and Literature Review 

Introduction 

As a collaboration between scientists and members of the public, citizen science enables 

researchers to answer questions and collect data that would be difficult to answer and access with 

traditional research methods (Bonney et al., 2009; Chandler et al., 2017; McKinley et al., 2017). 

At the same time, citizen science has the potential to be an outreach tool to accomplish 

educational goals (Bonney, Phillips, Ballard, & Enck, 2016; Jordan, Ballard, & Phillips, 2012; T. 

Phillips, Porticella, Constas, & Bonney, 2018) and influence participant behavior (Toomey & 

Domroese, 2013). Given these exciting outcomes, citizen science has understandably grown 

(Parrish et al., 2018), as has research on the practice of citizen science (Jordan, Crall, Gray, 

Phillips, & Mellor, 2015). Although citizen science research does look across multiple citizen 

science projects, it can be difficult to access sufficient data to get a landscape view of the field. 

Because of this, researchers are still learning about citizen scientists themselves and patterns of 

volunteer participation across different projects. 

Researchers have learned that although many citizen science projects operate in isolation 

(Bonney et al., 2014), many volunteers participate in multiple projects (Allf et al., unpublished 

data; Hoffman, Cooper, Kennedy, Farooque, & Cavalier, 2017). There are increasingly 

thousands of citizen science projects for volunteers to choose from, and many of the projects are 

hosted on online third-party platforms like Scistarter.org. Third-party platforms play an 

important role in the citizen science landscape by connecting volunteers to active projects and 

providing project managers with cyber-infrastructure and access to volunteers (Newman et al., 

2012). Researchers have begun to investigate activity on, and management of, platforms 

(Ponciano & Brasileiro, 2014; Ponciano & Pereira, 2019), but are still defining the role that 

platforms currently play and they potential they have to benefit citizen science. Our research 

seeks to add to this conversation by informing understanding of volunteer behavior both on and 

off of platforms. 

In this thesis research, I use digital trace and self-report data from SciStarter users to map 

and analyze project connection networks formed when volunteers join multiple projects. 

Understanding how projects do or do not group together in the networks will highlight volunteer 

patterns of engagement. Identification of projects central to the networks will highlight 
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prominent projects in citizen science. We also compare the networks created by digital trace and 

self-report data to look beyond activity within a single platform to understand if analysis of 

digital trace data is an effective means of quantifying volunteer activity.  

Analysis of these networks will illustrate the extent to which and how participants are 

engaging across potential boundaries of differing project topics and mode of participation. This 

research will inform project management by showing which roles projects are currently playing 

in the network. Projects could be central or peripheral to the network, connected to similar 

projects in clusters, or connected to different types of projects and spanning boundaries. The 

research will also inform platform management by informing the role that platforms play in 

citizen science and the influence of platform activity on volunteer activity in the network. 

Advancements in these areas could inform a move toward shared management of citizen science 

projects that capitalizes on multi-project engagement to maximize both scientific (project-based) 

and broader learning goals linked to citizen science. This research is part of a larger NSF-funded 

project that aims to develop evidence-based principles to inform best practices in citizen science; 

it will be coupled with research on participant motivations, entry into citizen science, learning 

outcomes, and participant demographics to achieve these goals. 

Literature Review 

Citizen Science and Project Typologies 

The study of citizen science is a growing field of inquiry that has become increasingly 

prevalent over the years (Jordan et al., 2015). Although the idea of non-credentialed scientists 

contributing to science is nothing new, the term “citizen science” is more recent. Citizen science 

is defined differently in different situations, but one common definition was provided by Jordan, 

Ballard, and Phillips (2012): “partnerships between scientists and non-scientists in which 

authentic data are collected, shared, and analyzed.” This definition encompasses other iterations 

of participatory research, including “public participation in scientific research” as it is used by 

Shirk and colleagues (2012). See Eitzel et al. (2017) for an in-depth discussion of citizen science 

terminology. 

Citizen science projects span scientific disciplines, modes of participation, and vary 

widely in terms of project size, with some engaging thousands to hundreds of thousands of 

participants (Cooper, 2016; Strasser, Baudy, Mahr, Sanchaez, & Tancoigne, 2019; Wiggins & 
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Crowston, 2015). Volunteers can be involved to different extents and in different ways, and the 

resulting research spans scientific disciplines. Shirk and colleagues (2012) developed a typology 

of projects that divides citizen science into five project types based on level of public 

involvement: Contractual, Contributory, Collaborative, Co-Created, and Collegial. Contractual 

projects have the least amount of public involvement, while collegial projects are conducted 

entirely by “non-credentialed individuals.” Most citizen science projects use a contributory 

model, which involves a scientist setting up the majority of a research project and individuals 

contributing data to the project. This review and the corresponding study focus primarily on 

contributory citizen science projects.  

Wiggins and Crowston (2015) further broke the types of data contributions in 

contributory projects into observation, measurement, content processing, and site-based 

observation. Observation, measurement, and site-based observation are all data collection tasks, 

while content processing is analogous to data processing. One example of data collection 

(observation) in practice is bird observations from individuals that are consolidated into vast 

databases estimating bird populations (Sullivan et al., 2009). Data processing often involves 

online work sorting and/or classifying collected data. For example the project StallCatchers from 

EyesonALZ (stallcatchers.com) works to benefit Alzheimer’s research by showing participants 

slides of blood vessels and having them mark when and where they see a stall. The present 

research includes projects of varying modes of participation, but I instead focus on whether the 

projects took place using online or offline methods to create a clearer division of mode of 

participation. 

Citizen science has particularly taken off in environmental and ecology fields. Of the 

1000+ projects hosted on SciStarter.org, an aggregate of citizen science projects, close to 50% 

deal with ecology or the environment (SciStarter.org). Silvertown (2009) noted that during the 

2008 meeting of the Ecological Society of America, over 60 papers referenced citizen science in 

their abstract in addition to several sessions on the theme. These projects are also 

overwhelmingly based on the contributory model, and many involve data contributions through 

volunteer mapping and monitoring (Silvertown, 2009). This number has likely increased 

substantially over the last 10 years. In a more recent paper, McKinley et al. (2017) noted the 

https://stallcatchers.com/main
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robust contributions of citizen science to conservation science and environmental protection, 

demonstrating the impact of environmental and ecology focused projects. 

Scientific Outcomes of Citizen Science 

From a scientific perspective, contributory citizen science projects are appealing because 

allow for the crowdsourcing of data collection and data processing (Bonney et al., 2009; 

McKinley et al., 2017; Strasser et al., 2019). This allows for faster collection of data, potentially 

from locations all over the world. Findings from citizen science projects are already accepted as 

trustworthy evidence in research on migratory birds and effects of climate change (Cooper, 

Shirk, & Zuckerberg, 2014) and butterfly research (Reis & Oberhauser, 2015). 

Using citizen science in ecology and environmental science enhances land management, 

conservation efforts, and environmental protection in practice (McKinley et al., 2017). As an 

example, eBird has been used as a tool for conservation management (Sullivan et al., 2009). 

When birders all over the United States track their sightings using the online tool, it creates a 

near real-time population distribution map that has been used as a conservation management 

tool. For instance, these data have been used to monitor changing distributions and abundance of 

the Eurasian Collared-Dove, track differences in Yellow Warbler migration timing at different 

longitudes, aggregate information on Rusty Blackbirds, a priority species for conservation, and 

assist in prioritization of clean-up efforts after an oil spill in San Francisco Bay (Sullivan et al., 

2009). 

Learning Outcomes of Citizen Science 

In addition to leveraging the power of the crowd to contribute to scientific research, 

citizen science enables project managers to educate and influence volunteers. Individual learning 

outcomes differ based on the goals of the project, but possible outcomes include educational 

goals such as increased knowledge of the subject matter and understanding of science and the 

scientific process (Bonney et al., 2016; Jordan et al., 2012; T. Phillips et al., 2018). It is 

important to note that many projects do not administer pre-tests, so the learning outcomes in 

many cases are instead associations between participation and participants scores on measure of 

learning outcomes (Bonney et al., 2016; T. Phillips et al., 2018) 
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Citizen science may change participants’ environmental behaviors and intentions. Citizen 

science projects focused on ecology and environment increase environmental stewardship,  

positive conservation behaviors, and motivation for future participation in citizen science (Jordan 

et al., 2012; Toomey & Domroese, 2013). In an evaluation of youth-focused citizen science by 

Ballard, Dixon, and Harris (2017), the researchers measured participants’ environmental science 

agency. This measure encompasses understanding of environmental science, participants’ 

identification with environmental science practices, and their belief that they personally act on 

the ecosystem. Ballard and colleagues found increases in environmental science agency in well-

designed projects. McKinley et al (2017) also noted that the impacts on volunteers present a 

second method of conservation through citizen science. Alongside developing scientific 

knowledge, the act of authentic engagement in science stimulates public input and public 

engagement in the natural resource management process.  

In a recent review of citizen science projects by Phillips, Poticella, Constas, and Bonney 

(2018), the authors listed six common learning outcomes for volunteers: interest in science and 

the environment, self-efficacy for science and the environment, motivation for science and the 

environment, knowledge of the nature of science, skills of science inquiry, and behavior and 

stewardship. The authors found variations of these main six themes across hundreds of citizen 

science projects, and emphasize that although no project should attempt to reach all learning 

outcomes, well designed projects should be able to influence one or a few of these categories. 

Engaging in multiple citizen science projects may be the answer to increasing learning outcomes, 

as previous data indicates that multi-project participation is associated with stronger learning 

outcomes (Cooper, unpublished data). Understanding current patters of multi-project 

engagement by SciStarter volunteers will illustrate the current state of volunteer activity and set 

the stage for future actions to increase learning outcomes. 

Shared Management of Citizen Science 

While citizen science has the demonstrated potential to reach the ambitious goals of 

enhanced science understanding and increased conservation actions described above, 

participation in citizen science does not inherently lead to such outcomes (Bonney et al., 2016; 

Toomey & Domroese, 2013). Deliberate design of projects to meet learning goals is needed 

(Ballard et al., 2017; Bonney et al., 2009; Shirk et al., 2012), meaning that projects must 
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carefully plot their goals and how the operation of the project will realistically achieve them. In 

addition, project developers must take their audience into consideration. While little is known 

about demographics of citizen scientists as a whole, case-based research shows that they are 

usually highly educated, affluent, and white (Crall et al., 2012; Pandya, 2012; Strasser et al., 

2019). With this in mind, project owners must consider ceiling effects in measurement of 

learning outcomes (Crall et al., 2012), as many citizen scientists have prior experience with 

science and receive maximum scores on pre-tests of learning outcomes. As the field is moving 

forward and beginning to address more of these criticisms, some researchers are calling for a 

more centralized approach to the practice of citizen science (Bonney et al., 2014; Jordan et al., 

2015; Newman et al., 2012) that through a collaboration of best practices and a deeper 

understanding of volunteer activity throughout the citizen science landscape, could present 

opportunities to develop stronger volunteer outcomes and engage more diverse audiences. 

In part in response to the need for deliberate design described above, and in evaluating 

and furthering claims made by citizen science project owners, research surrounding the practice 

of citizen science has increased in recent years (Jordan et al., 2015). Jordan and colleagues 

(2015) suggest three areas of research that deserve future investigation: the nature of 

participation, the context for learning by participants, and systems-level theory of citizen science 

to measure environmental outcomes. My present research focuses on the nature of participation 

through use of the systems-level view of the landscape. With the suggestions by Jordan and 

colleagues, and their call for recognition of citizen science as a distinct field of inquiry, the 

authors hit on a popular theme of centralization and collaboration as researchers begin to look to 

the future of citizen science. We refer to this theme as shared management of citizen science. 

Shared management seeks to capitalize on many of the structures and behaviors that are 

already in place within citizen science to maximize scientific and educational outcomes. 

Platforms have the capacity to serve as “intermediaries” for volunteers, providing common 

access to the pool of volunteers and then placing those volunteers in external projects (Brudney, 

Meijis, & van Overbeeke, 2019), thus helping to share the load of volunteer management. 

Platforms can also help direct volunteers within the landscape, through guided portals such as 

those present on SciStarter.org. Guided portals can direct volunteers to certain projects on the 

platform, and could be used to establish volunteer trajectories along paths that maximize learning 
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outcomes and/or provide a training course for volunteers by matching them with increasingly 

difficult projects.  

Other researchers have been discussing the need for shared terminology and measures of 

learning outcomes (Eitzel et al., 2017; T. Phillips, Bonney, & Shirk, 2012), as well as the general 

need for collaboration to maximize impact. Bonney and colleagues (2014) argued that better 

organization of the field would have a positive effect, maximizing the impact of projects. 

Specifically, they point out that coordination and use of similar terms, such as citizen science, 

will help measure scientific impact. In addition, they point out that collaboration will help 

prevent repetition of projects and unnecessary splitting of data sets. Similar projects can instead 

team up and benefit from shared infrastructure in design, testing, and implementation of projects 

in addition to sharing an audience of motivated volunteers with similar interests (Bonney et al., 

2014). 

Newman and colleagues (2012) also discussed the future of citizen science leading 

toward centralization. The authors describe the effect new technologies will (and have) had on 

easily connecting participants to projects and data collection. They also speak specifically about 

some of the features of what a future centralized, collaborative citizen science discipline could 

look like. The future scenario envisioned in their paper is a connected network of projects, 

professional organizations, professional associations, and local, regional, and global 

organizations that - with the connections to each other and cyber-infrastructure - can better 

support projects and establish best practices. Bonney and colleagues’ (2014) paper a few years 

later points to the Citizen Science Association as one of the organizations that will be important 

in the new connected future. The Citizen Science Association was established in 2012, the same 

year when Newman and colleagues made their predictions, and is a nonprofit organization with 

members from around the globe that hosts an annual conference and publishes an online, open-

access journal, Citizen Science: Theory and Practice (Citizenscience.org).  

Third-party platforms are also important players in the future of shared management in 

citizen science (Hoffman et al., 2017). Third-party platforms are websites that host and/or post 

projects, assisting the matching of volunteers and projects and providing projects with a cyber-

infrastructure. One such platform is SciStarter.org. As of March of 2018, the website hosted just 

over 1,000 projects, overwhelmingly contributory in nature. Just under 50% of these projects are 
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categorized as Ecology and Environment focused projects (SciStarer.org). Interested citizen 

scientists can use the website to find projects of interest based on location, topic, or audience, 

and can create an account to track their involvement in multiple projects. In addition to tools for 

participants, the website now hosts tools for researchers to answer questions about participants 

and their interactions with and across projects; namely, the ability to track participant activity on 

the website to better understand movements among projects. 

Citizen Science Platforms 

As mentioned previously, third-party platforms are increasingly important players in the 

citizen science landscape. These platforms are websites where projects are posted, often 

numbering in the thousands (SciStarter.org; Zooniverse.org). Recently, citizen science research 

has started to investigate platforms as units, in addition to the projects posted on these platforms 

(Herodotou, Aristeidou, Miller, Ballard, & Robinson, 2020; Ponciano & Pereira, 2019; Yadav & 

Darlington, 2016). Yadav and Darlington (2016), present both the scientist and volunteer 

motivations for participating in contributory citizen science, and offer design guidelines for 

platforms to maximize participation. These guidelines recognize the influence of platform design 

and activity on the activity of platform users.  Some of the guidelines include features for 

scientists such as project performance reports and easy maintenance of projects, and features for 

volunteers such as simple project participation and opportunities for volunteers to interact with 

scientists. The guidelines in this paper are developed from volunteer motivations studies. Later 

papers investigating platforms use digital trace data (activity data) from platforms themselves to 

quantify activity (Herodotou et al., 2020; Ponciano & Pereira, 2019) . 

Using task execution data, Ponciano and Pereira (2019) discovered that volunteers 

explore multiple projects, but participate regularly in only a few of them, and that among all the 

projects on the platform, only a few projects account for most of the activity of the platform. 

Additionally, they found that volunteers exhibiting multi-project engagement tend to stay longer 

on a platform than those who engage in only one project, although this finding does not delineate 

causality (does multi-project engagement foster long-term engagement, or does long-term 

engagement foster multi-project engagement). Herodotou and colleagues (2020) used the same 

metric (task execution) to investigate activity of young volunteers on the Zooniverse platform. 

Their findings reveal engagement profiles of volunteers, and like Ponciano and Pereira (2019), 
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they found that some projects are more popular than others. The popular projects in the 

Herodotou paper (2020) are those that have been in some way featured by the platform itself. 

Our current research seeks to add to the conversation of volunteer activity on platforms. 

Digital Trace Data 

Most papers investigating activity on platforms rely on digital trace data. Digital trace 

data is the record of activity in a digital environment (Howison, Wiggins, & Crowston, 2011). 

When SciStarter participants engage with a project on the website such as clicking a button to 

join a project, bookmark a project, or contribute data, this action is recorded in a digital database. 

When working with this type of data in social network analysis, there are several things to 

consider (Howison et al., 2011). Digital trace data is found data; it is not produced specifically 

for the purpose of research, but rather is the result of other activities. This type of data is also 

event-based as opposed to a summary of a relationship. Additionally, digital trace data is 

longitudinal, so multiple events over time must be combined to create the structure of the 

network. Taking these three factors together, we must be careful that the data are interpreted 

correctly. Because it is “found data,” we must work to ensure that it is valid for the purpose of 

our research (i.e., proof of engagement with a citizen science project). This can be done by 

comparing the instance of the digital trace of interest (in this case project “joins”), with a known 

indicator of engagement (such as project contributions). 

Another paper (Jungherr, 2018) cautioned against two fallacies prominent in digital trace 

data. Jungherr calls the first fallacy the “n=all fallacy”: using all available digital trace data does 

not equal sampling all of a population. Digital trace data is subject to access restrictions like any 

other data source. For platform research, the data may be limited to volunteers that have become 

members or in some way signed a data release. The second fallacy Jungherr presented is the 

“mirror fallacy.” This fallacy stems from researchers using digital data (such as tweets) to 

understand offline social or political phenomena (support for a political party). Jungherr points 

out that believing that digital data alone accurately mirrors offline phenomena underestimates the 

influence of the digital system on the data.  In platform research, we have seen the influence of 

the digital system of a platform on the resulting data, as platform promotions of certain projects 

cause these projects to be more popular than other projects (Herodotou et al., 2020), indicating 
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that the digital trace data collected from platforms alone may not reflect citizen science 

engagement outside of platforms.   

During the course of this research, when volunteers found a project of interest on 

SciStarter.org, they could “bookmark” the project and/or “join” it. “Bookmarking” the projects 

added the project to the volunteer’s dashboard. If they “joined” a project, this added the project 

to their dashboard and navigated to a webpage with more information about submitting data for 

the project. A few projects are more closely affiliated with SciStarter, and when a participant 

joined these projects they were able to submit data directly from SciStarter.org; this data 

submission was then recorded in the digital trace database. The data submission was the most 

direct form of project engagement, but because this option was limited to a small fraction of all 

the projects on SciStarter.org, we elected to use project joins as evidence of project engagement. 

We liken this action – digitally joining a project – to a pledge to engage with the project. Pledges 

to engage in a future behavior have been shown to be evidence of a future behavior (Costa, 

Schaffner, & Prevost, 2018; Katzev & Wang, 1994), and the behavioral intention indicated by 

pledges is a necessary factor in the behavior of interest (Ajzen, 1991) 

Because project joins indicate behavioral intention to participate in a project and not the 

behavior of participation itself, the resulting networks composed of digital trace data are 

networks of project engagement, not necessarily project involvement. To combat some of this 

ambiguity and inform whether digital data alone is sufficient to track volunteer activity, I also 

map and analyze networks created from self-reported involvement in a recent survey sent to 

SciStarter members. The inclusion of these self-reported data will allow for both the analysis of 

multi-project involvement (instead of just engagement) and the potential for projects outside the 

SciStarter platform to be included. As research using digital trace data becomes more common 

(Herodotou et al., 2020; Ponciano & Brasileiro, 2014; Ponciano & Pereira, 2019), we think it is 

important to understand not only cautions that should be taken, but also how this data relates to 

self-reported data from surveys. 

Survey Responses 

Another way of gaining data on volunteer multi-project engagement is through self-report 

data from surveys. This method is commonly used in research focused on pro-environmental 

behavior (Larson, Stedman, Cooper, & Decker, 2015; Steg & Vlek, 2009) and citizen science 
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(Larson et al., 2020; Lewandowski & Oberhauser, 2017; Toomey & Domroese, 2013). When 

using digital trace data, researchers must impose meaning on found data. In self-report data, the 

volunteers (or survey respondents) are responsible for assigning meaning. So when asking 

volunteers to “list all the citizen science projects [they] have participated in,” it is up to the 

discretion of the volunteer to determine what constitutes project participation. In digital trace 

data, this may be clicking a button to join, but a volunteer may not consider themselves 

participants until they contribute data to the project. However, like any source of data, survey 

data has its flaws. 

With survey response rates ever declining (Czajka & Beyler, 2016; Greenland; Stedman, 

Connelly, Heberlein, Decker, & Allred, 2019; Van Mol, 2017), survey responses are an 

increasingly elusive source of data. Self-reported measures of behavior may also be limited due 

to factors such as inaccurate recall and potential social desirability bias (Chao & Lam, 2011; 

Gatersleben, Steg, & Vlek, 2002). Self-reported measures also inspire concern regarding non-

response bias. In citizen science, where it is documented that a small percentage of volunteers 

are contributing the most work to projects (Ponciano & Pereira, 2019), it is an understandable 

concern that those responding to surveys may not represent the general population of citizen 

science volunteers. However, by comparing responses to what is known about the citizen science 

population, such as general contribution rates (Allf et al., unpublished data), concerns of non-

response bias can be diminished. Self-report data are a continuing method to gather data about 

people’s activity and behavior (T. B. Phillips, Ballard, Lewenstein, & Bonney, 2019; Rosa & 

Collado, 2019), alongside the rise of digital trace data (Herodotou et al., 2020; Ponciano & 

Brasileiro, 2014; Ponciano & Pereira, 2019). Both types of data can be mapped and analyzed 

using social network analysis. Understanding the differences in activity observed by these two 

datasets will indicate if digital trace data alone is sufficient to understand volunteer activity 

among citizen science projects. 

Social Network Analysis 

Using digital trace and self-report data, we can generate the lists of projects with which 

volunteers engage. Social network analysis (SNA) allows researchers to create networks from 

this data to analyze the complex patterns of multi-project engagement and the project 

connections that form when volunteers join multiple projects. Social Network Analysis is an 
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analytical paradigm that allows for formalization of social units (Borgatti, Mehra, Brass, & 

Labianca, 2009; Wasserman & Faust, 1994). As Borgatti and colleagues (2009) note, the 

paradigm is appealing to social scientists because it provides a formalization of social order and 

how individuals combine to create functioning units. Using SNA, researchers can create a 

network of nodes that represent distinct entities such as individuals, organizations, or events. 

These nodes are connected by relational ties that represent links such as relationships or co-

attendance. At the most basic level of network analysis, a pair of nodes form a dyad. As more 

nodes and ties are added to a network, the structure may uncover subgroups or clusters of nodes 

in addition to various roles that individual or groups of nodes can play in a network (Wasserman 

& Faust, 1994). In SNA, the emphasis is on the tie/relationship between the nodes, which 

represents some connection such as channels for transfer or flow of resources. These ties allow 

researchers to see different relational influences acting on an individual node or within a network 

(Borgatti, Everett, & Johnson, 2013). Advancements in SNA have also introduced the idea of 

two mode networks (Borgatti, 2009), where entities (nodes) can be connected not directly with 

each other, but through a shared aspect such as two events being connected by shared attendees. 

Analysis of two-mode networks can reveal underlying networks where connections may not be 

realized in the formal sense, but may be in the future. As an example, Hwang and colleagues 

(2006) used two-mode networks to connect tourist destinations that shared visitors as a way of 

identifying opportunities for collaboration and co-marketing of cities.  

Affiliation networks, or bipartite networks, are social networks that contain two types of 

nodes, such as directors and their corresponding companies (Sankar, Asokan, & Kumar, 2015). 

In the current case, our bipartite network consists of volunteers and the citizen science projects 

they join. Bipartite networks can also be projected into one-mode networks (Pettey et al., 2016; 

Sankar et al., 2015) that offer insights into patterns obscured by bipartite network structure. The 

projection may be made up of companies connected by shared members of boards (Sankar et al., 

2015), or citizen science projects connected by shared volunteers. These projections must be 

carefully interpreted (Opsahl, 2013) to ensure that the patterns observed are not an artifact of the 

projection method. Nevertheless, it is common practice to analyze projections and carefully 

interpret the results (Pettey et al., 2016; Sankar et al., 2015). 
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SNA is not one unifying theory, but instead a paradigm that contains multiple theories 

(Borgatti et al., 2009). Borgatti and Halgin (2018) created a framework of two types of theories, 

network theory and theory of networks. Network theories refers to theories that focus on the 

consequences of network variables; for example, how a network can influence an individual. 

Theories of networks instead focus on the creation of network structures and how these 

structures came to be. Both types of theories give high importance to contextual factors and 

characteristics, or attributes, of nodes, which again comes out of the relational structure of 

networks.  

Within the context of citizen science, SNA provides a unique way to conceptualize the 

landscape of projects and potential collaborations as the field moves forward. In the context of 

the current study, we will begin creating a two-mode network of projects and participants and 

collapsing that into the one-mode network of projects connected by shared participants. The 

current study begins to explore theory of networks as it relates to understanding the current 

structure of a participation network and potential factors (project attributes) influencing patterns 

of connections. Future explorations could also incorporate network theories that would inform 

investigations into knowledge transfer among project owners and even how a network of projects 

may influence participant learning outcomes. 

Volunteer Patterns of Engagement 

In this thesis, we first look at the multi-project engagement networks created from digital 

trace data. Previous studies have shown that citizen science volunteers engage with multiple 

projects (Hoffman et al., 2017), but the specific patterns of engagement are not known. We are 

interested in uncovering these patterns of engagement through the lens of various attributes of 

the projects in the network. As discussed previously, citizen science is a varied field, and 

although projects listed on SciStarter are all contributory in nature, they vary in other attributes. 

We are first focusing on the project attributes of topic (e.g. ecology, health, astronomy, etc.), 

mode of participation (online/offline), and platform-influenced attributes (as how a project is 

featured on the platform). We are also interested in how these patterns seen in the digital 

networks are reflected in networks created from self-reported survey responses. If volunteer 

activity is not limited to a single category of an attribute, this has exciting implications for the 

development of stronger volunteer outcomes (Cooper, unpublished data; Cooper, Larson, Dayer, 
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Stedman, & Decker, 2015) and may illustrate a foundation of interactivity on which best 

practices in shared management of citizen science projects and volunteers can be built. 

Project Topic 

The projects in this research span 14 distinct project topics, including Ecology & 

Environment, Geography, Astronomy & Space, Physics, and others. A previous survey of 

SciStarter participants found that 50% of survey respondents were active in multiple citizen 

science projects, and of these respondents, 74% of them were active in projects across different 

topics (Hoffman et al., 2017). This is an exciting finding, but not altogether surprising. Looking 

outside the citizen science field, in outdoor recreation, participants often participate in multiple 

forms of recreation. This general interest is often correlated with low involvement in individual 

activities and is also called “dabbling” (Bryan, 2000). Although we are not able to measure the 

depth of engagement with projects from the digital trace data, this literature would suggest that 

many citizen scientists are dabbling in multiple projects, perhaps across project topics, while a 

few volunteers may “dive” into a deeper level of engagement in one or a few projects (Scott & 

Shafer, 2001). On the surface, however, dabbling could look like engagement in multiple citizen 

science projects, and based on previous findings from SciStarter participants, we expect that this 

dabbling will occur across project topic. 

If we find that citizen scientists are indeed participating across topics, this will inform 

views of shared management moving forward and illustrate the need for coordination across in 

addition to within project topics. Understanding these patterns could help inform volunteer 

management, and further illustrate how volunteer choose projects to engage with on a platform. 

Mode of Participation 

Within the contributory-style projects on SciStarter, there are two main modes of 

participation. Volunteers can collect data observations in the field (e.g. observing a particular 

species) or they can classify data online (e.g. transcribing museum collections). These two modes 

of participation involve very different activities and levels of commitment, presenting potential 

boundaries to cross-engagement. In hypothesizing the presence or absence of these connections, 

we turned to the recent instance of virtual volunteering in volunteerism literature. In virtual 

volunteering, participants assist organizations or agencies over the Internet (Cravens, 2000). 
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Virtual volunteering is attractive because it allows for more flexible hours than in-person 

volunteering, it can be done in the comfort of one’s own home, and is inclusive to volunteers 

who may avoid in-person activities because of transportation, ability, or social anxiety (Hustinx, 

Handy, & Cnaan, 2010). The current literature presents virtual volunteers and in-person 

volunteers as two separate groups, but it does not investigate the overlap (or lack thereof) 

between the groups (Mukherjee, 2011; Murray & Harrison, 2002). In an exploratory study, 

Mukherjee (2010) notes that of the 9 participants, only 2 had no previous face-to-face volunteer 

experience, demonstrating substantial overlap between virtual and real-world volunteering. 

Mukherjee’s exploratory analysis (2010) shows a great deal of overlap between offline 

and online volunteers, but it should be noted that the study looks specifically at older adults. If 

there is indeed a divide in offline and online volunteering as Murray and Harrison suggest 

(2002), we hypothesize that we will not see this same divide in citizen science participation. The 

reasons for virtual volunteering presented by Hustinx et al. (2010) are not limiting factors in the 

same way in offline citizen science participation. Citizen science volunteers can choose projects 

that fit their need in terms of time commitment (from one time participation projects to more 

extensive commitment), and location (some projects encourage data collection in one’s own 

backyard). Ability may be a factor in a potential divide between offline and online participation, 

but given the wide variety of offline projects, volunteers can participate to their ability and 

comfort levels.  

Taken together with Mukherjee’s (2010) initial evidence of volunteers engaging in both 

online and offline volunteer opportunities, we hypothesize that we will see significant 

connections between online and offline projects. Potential overlap between modes of 

participation would offer exciting possibilities for collaboration between different modes of 

projects.  

Platform-influenced Attributes 

As Jungherr (2018) noted, digital data is influenced by the digital system it is created 

within. Previous research on platforms has documented an influence of platform activity, 

evidenced by increasing popularity of featured projects (Herodotou et al., 2020). With this in 

mind, we believe it is important to investigate project attributes that are imposed by the platform. 

This includes, for example, how the project is featured on a platform. SciStarter has two primary 
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methods of featuring projects, affiliate projects and campaign features. Affiliate projects use 

SciStarter’s application programming interface (API) to share information about participants’ 

online activity patterns. These projects are marked by an icon signaling their affiliate status to 

volunteers;  when projects contribute to these projects, their contributions are tracked on 

volunteers’ dashboards alongside their project joins. Additionally, affiliate projects tend to be 

featured on the SciStarter homepage.  

Another form of project feature is through SciStarter’s monthly email campaigns. Every 

month, SciStarter members receive emails with themed lists of projects. For example, an October 

email might include Halloween themed projects such as those dealing with bats, spiders, or 

zombie flies. We believe that, like in the Zooniverse platform, affiliate status and campaign 

features might influence the popularity of certain projects, causing them to be more prominent in 

the network. Collectively all of these different project attributes could impact network structure 

and volunteer engagement across the larger citizen science landscape. 

Research Objectives and Thesis Format 

This thesis is written in a manuscript format. The first (and present) chapter introduces the 

research and presents a review of the relevant literature. Chapters two and three are written as 

independent manuscripts that will be submitted for publication. Considering this larger research 

context, our research objectives in those chapters are as follows: 

Chapter 2 – EXPLORING CITIZEN SCIENCE PROJECT CONNECTIONS ACROSS THE 

SCISTARTER LANDSCAPE: A NETWORK ANALYSIS 

1. What is the structure of the project connection network on Scistarter.org? 

 We hypothesize we will find an interconnected network due to multi-project 

engagement on the SciStarter website. We also hypothesize that volunteers will 

engage with projects across project topics and modes of participation, which will 

be evidenced by a lack of clustering in regards to these attributes. 

2. Are projects with similar attributes more connected to each other than they are to 

projects with differing attributes? 

We hypothesize that projects will be equally connected within and across 

attributes.  
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3a.   What projects are central to the project connection network?  

We hypothesize that large well-known projects, including many SciStarter 

affiliates, will be centrally located in the network. 

3b.  What project attributes are associated with centrally located projects?  

We hypothesize that centrally located projects will tend to be those featured by 

SciStarter as affiliated or in campaigns. We hypothesize that other project 

attributes (e.g., topic, mode) will be weak predictors of project centrality. 

Chapter 3 – COMPARING CITIZEN SCIENTISTS’ MULTI-PROJECT ENGAGEMENT 

PATTERNS BASED ON DIGITAL TRACE AND SELF-REPORTED DATA 

4. How do project connection networks composed of digital trace and self-reported 

data compare to each other? 

We hypothesize that we will see many similarities between the networks formed 

from the two data sources. However, we hypothesize that self-report data will 

present a broader view of the landscape, allowing us to look at volunteer activity 

beyond the boundaries of a single platform.  

The fourth and final chapter is written in a blog format so that it may be submitted as a blog post 

to assist with dissemination of results. This chapter will highlight key research findings and 

broader implications for citizen science research and practice.  
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Chapter 2: Exploring Citizen Science Project Connections across the SciStarter 

Landscape: A Network Analysis 

Abstract 

Web platforms (e.g., SciStarter.org) that host and/or aggregate projects are supporting the 

rise of citizen science.  While research on citizen science volunteers has historically focused on 

single projects, platforms like SciStarter enable exploration of volunteer activity across multiple 

projects. To better understand the nature and extent of multi-project engagement, we carried out 

a social network analysis using digital trace data depicting volunteer activity from Sept 2017- 

Dec 2018 on the SciStarter.org platform. During this time period, we identified 10,682 instances 

in which volunteers acted to “join” a citizen science project within its own unique page on 

SciStarter, including “joins” by 3,650 unique volunteers across 624 different projects. We used 

these data to visualize and analyze project connection networks that form when volunteers join 

multiple projects.  

Volunteers joined an average of 2.93 projects (73% of volunteers joined two or more 

projects), spanning many different scientific disciplines (e.g., topics such as Health & Medicine, 

Ecology & Environment, Astronomy) and modes of participation (e.g., online, offline). 

Volunteer engagement in citizen science produced a complex network of project connections 

with low network centrality, low levels of homophily and clustering, and evidence of boundary 

spanning (based on topic, mode, etc). The most popular projects, which were also those more 

central in the network, were projects that SciStarter featured as affiliates on the website and 

projects featured in promotional email campaigns. By using a network approach to analyze data, 

our research provides new insights into the nature of multi-project engagement among citizen 

science projects, informing understanding of volunteer activity on a third party platform and best 

practices in platform management. Ultimately, tools like social network analysis can help citizen 

science researchers identify pathways to deeper connections within citizen science and reveal 

new information about the important role that platforms play in the citizen science landscape. 

Introduction 

As a collaboration between scientists and members of the public, citizen science enables 

researchers to answer questions and collect data that would be difficult to answer and access with 

traditional research methods (Bonney et al., 2009; Chandler et al., 2017; McKinley et al., 2017). 
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At the same time, citizen science has the potential to be an outreach tool to accomplish 

educational goals (Bonney, Phillips, Ballard, & Enck, 2016; Jordan, Ballard, & Phillips, 2012; 

Phillips, Porticella, Constas, & Bonney, 2018) and influence participant behavior (Toomey & 

Domroese, 2013). Given these exciting outcomes, the number of citizen science projects has 

understandably grown (Parrish et al., 2018), as has research on the practice of citizen science 

(Jordan, Crall, Gray, Phillips, & Mellor, 2015). To date, most research on the practice of citizen 

science has generally focused investigations on single projects, with a few notable exceptions 

that examined volunteer activity patterns across multiple projects on a platform (Herodotou, 

Aristeidou, Miller, Ballard, & Robinson, 2020; Ponciano & Pereira, 2019). Platform-based 

research provides a landscape-level view of the citizen science field and creates opportunities for 

generating broader insights into the volunteer experience.   

The conventional paradigm for managing citizen science volunteers is project-centric, 

focused on managing volunteers while they are in service to a particular project (Sharova, 2020). 

Platform-based management, on the other hand, is more volunteer-centric, focused on managing 

volunteers holistically and beyond the bounds of single project. Studies suggest that many 

volunteers are aware of the larger landscape of citizen science projects available to them, and 

many are already engaging in multiple projects (Hoffman, Cooper, Kennedy, Farooque, & 

Cavalier, 2017; Ponciano & Pereira, 2019). Previous research has also suggested that these 

volunteers participating in multiple citizen science projects have increased lengths of 

engagement with citizen science (Ponciano & Pereira, 2019) and may have stronger learning 

outcomes if the projects cross scientific discipline (Cooper, Larson, Dayer, Stedman, & Decker, 

2015). Shared management of volunteers through platforms could be helpful in promoting multi-

project engagement to enhance both volunteer and scientific outcomes throughout the citizen 

science landscape. 

SciStarter.org (formerly SciStarter.com) is a web platform and database of thousands of 

citizen science projects that provides volunteers with a landscape view of projects and creates 

opportunities for volunteer-centric management. SciStarter manages a database of user-generated 

content about each citizen science project, a Project Finder application that provides advanced 

functionality for searching for projects, and a syndicated blog to promote citizen science 

projects, often facilitating volunteer connections to and participation in multiple projects. 

Interested volunteers can search for projects by various tags including keyword, topic (scientific 
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discipline), mode of participation (“exclusively online”, “on a lunch break”, “at school”, etc.), 

location, and target age group. Volunteers can become SciStarter members (by creating a free 

account) and make a user profile where projects they click to “join” are saved. Some projects are 

SciStarter affiliates and use SciStarter’s application programming interface (API) to share 

information about the frequency of participants’ data contributions to the affiliate project, which 

is then displayed on the volunteer’s profile dashboard on SciStarter. Members receive monthly 

emails from SciStarter that feature certain projects that fit the theme of that month’s campaign. 

For instance, an email in October might feature projects that align with a Halloween theme, such 

as projects about bats or spiders.  

When a member clicks ‘join’ on a project’s page on SciStarter, not only is that action 

recorded on the member’s dashboard, but also in a digital record of activity, often referred to as 

digital trace data. These data allow managers and researchers to map activity on the website. 

Through social network analysis, we can visualize and analyze the resulting network of 

engagement across citizen science project within the SciStarter.org repository. 

Social Network Analysis 

Social network analysis (SNA) is a research paradigm that allows for formalization and 

characterization of social units within a larger network (Borgatti, Mehra, Brass, & Labianca, 

2009; Wasserman & Faust, 1994). Social networks are made up of actors (nodes) and the 

relationships between them (edges). In one-mode networks, all nodes in the network are of the 

same category; for example, families connected by marriage (Padgett, 1994). In two-mode 

networks, also called bipartite networks, nodes are of two different categories, for example, 

parties and their attendees (Davis, Gardner, Gardner, & Warner, 1941; Freeman, 2003) or, in the 

current case, citizen science projects and the volunteers that join them. Bipartite networks can 

also be projected into one-mode networks (Pettey et al., 2016; Sankar, Asokan, & Kumar, 2015) 

that, with thoughtful interpretation (Opsahl, 2013), can offer insights into patterns of co-

incidence in a large network (Pettey et al., 2016). In our research, we used the one-mode 

projection of citizen science projects connected by shared volunteers, with weighted connections 

in proportion to the number of volunteers that two projects share. This projection network 

presents a bird’s eye view of volunteer activity on SciStarter.org through the lens of their project 

choices. A short glossary of SNA terms relevant to this research is included in S1 Appendix. 
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Research Objectives 

Given SciStarter’s role in cultivating a volunteer community, similar to other platforms, 

there is a need to understand patterns of volunteer activity and engagement on platforms. In this 

paper, we use digital trace data from SciStarter.org to explore volunteer overlap among different 

projects to better understand volunteer activity on the website and the influence of project 

attributes and platform activity. Our first objective was to describe the structure of the project 

connection network on Scistarter.org (Obj. 1). We aimed to describe network structure by whole 

network measures, such as clustering and centralization, and the node-level measure of 

centrality. Centralization and centrality can be measured in multiple ways. In this research we 

use degree, eigenvector, and betweenness (definitions provided is S1 Appendix).  

For our second objective, we were interested in discovering if volunteers joined projects 

with similar project attributes (i.e. project topic, mode of participation, affiliate status, and 

campaign promotion status). To do this, we investigated whether projects with similar attributes 

were more connected with each other than those that have differing attributes (Obj. 2). Attributes 

of interest for this research were the topic of the project (scientific discipline), mode of 

participation (online/offline), SciStarter affiliate status, and promotion status (whether or not a 

project was featured in an email campaign before, during, or after the study period). Projects on 

platforms such as SciStarter.org and Zooniverse.org are commonly grouped by topic (scientific 

discipline), which might include themes such as the environment, public health, and astronomy. 

Project mode represents an established division in citizen science project typology, although the 

specific words used to describe these different modes may vary. Parrish et al (2018) refers to the 

division as “hands-on” and “virtual,” and Sharova (2020) refers to “outdoor” and “indoor” 

projects. In the current research, we chose online versus offline to focus on what physical 

location and resources are required.  These groupings would be revealed through analysis of 

homophily in the network, an abundance of connections between projects that share attributes 

(S1 Appendix). 

Our third objective was to discover the projects central to the network. We explored this 

in two ways: first examining project centrality derived from the projection network (Obj. 3a) and 

then examining project attributes associated with centrality (Obj. 3b). Central projects may be 

important stakeholders in the citizen science landscape, and their volunteers are highly involved 

across projects.  
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By addressing these objectives, we sought to advance understanding of the relative 

influence of project design and platform-based management techniques on citizen science 

volunteer activity. 

Methods 

SciStarter Digital Trace Data 

Digital trace data for this research was extracted from SciStarter.org (SciStarter.com at 

the time of data collection). On Dec 6th, 2018, our research team received anonymized digital 

trace data of SciStarter members’ activity on the website between Sept 19th, 2017 and Dec 3rd, 

2018. Sept 19th, 2017 marked the launch of SciStarter 2.0 (Hoffman et al., 2017), which 

introduced the added functionality of member accounts, dashboards, and profile pages. Use of 

these secondary data was approved by the NC State University Institutional Review Board (IRB 

Protocol # 20934) prior to analysis. 

At the time of data collection, volunteers could click buttons to either “join” or 

“bookmark” projects of interest on the SciStarter website (Figure 2.1). Additionally, volunteers 

could check a box to indicate that they had previously joined a project. Clicking “join” sent the 

volunteer to the project’s’ website, unless that project was exclusively hosted on SciStarter, and 

automatically added the project to a list of joined projects on a volunteer’s profile. Clicking 

“bookmark” added the project to a list of bookmarked projects on the volunteers’ profile. 

Volunteer activities like “joins” and “bookmarks” were recorded in the digital trace data, along 

with an anonymized participant ID number.  

 

Figure 2.1. Example of project page on SciStarter.com. At the time of data collection, 

interested volunteers could either click to “join” or “bookmark” a project on SciStarter. When 

volunteers click the “join” feature depicted here, they are navigated to the project website and the 

project is added to the volunteer dashboard. In the current research, clicking the “join” button 

was used as a proxy for project engagement. 
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Some citizen science projects are either directly hosted on the SciStarter website, or use 

SciStarter’s application programming interface (API). These mechanics enable a deeper level of 

project engagement - data contributions - to be recorded in the digital trace data. However, 

because contribution data was only available for 30 of the 624 project that were active during 

data collection, we used project joins as an indication of volunteers’ behavioral intent to join a 

project and a proxy for project engagement (Ajzen, 1991). Additionally, analysis of the data 

contributions showed that “joining” a project is a better predictor of subsequent contributions 

than “bookmarking” a project; 30% of volunteers who joined a project later contributed to that 

project, while only 10% of volunteers that bookmarked a project ended up contributing.  

Project Attributes 

In addition to this digital trace data generated by volunteer activity, we collected 

information about project attributes related to topic, mode, affiliate status, and campaign 

promotion status. Project topic and mode were coded by project managers when projects added 

to the SciStarter database. However, because project managers were not provided with 

standardized definitions of attribute categories, our research team recoded these attributes to 

ensure consistency. To code project topic, we developed a typology of projects, beginning with 

20 potential topics derived from SciStarter.org’s original list of topics. A team of four 

researchers worked together in an iterative process of coding that led to 14 project topics (S2 

Appendix). Pairs of researchers coded smaller groups of projects until inter-rater reliability 

reached 80%, then researchers each coded the final projects alone using the developed typology. 

This typology was also used in Sharova (2020). Projects determined to not be citizen science 

projects themselves, including postings for tools for the completion of citizen science such as 

spectrometers, and postings for other citizen science platforms such as CitSci.org, were dropped 

from the sample.  

Project mode was coded by expert opinion with the following definitions. Offline 

projects are projects where the primary mode of data collection is offline. Projects in which data 

collection is offline, but data is submitted through an online platform (e.g. iNaturalist), are 

considered offline projects. Online projects are projects where the primary mode of data 

collection or classification is online. For projects in which personal health data is entered, the 

mode is still determined by online versus offline data collection methods. For instance, a project 
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requiring a volunteer to use an offline DNA analysis system is coded as offline, and a project that 

requires no offline components was coded as online. 

For both topic and mode classification, we used project descriptions available on 

SciStarter.org. Additional information from project websites was used if needed. Because of the 

longitudinal nature of data collection, not all projects could be found on SciStarter.org at the time 

of data classification. For these projects, we first attempted to use descriptions saved in the 

SciStarter database or other information found online about the project. For projects where we 

were unable to find any information beyond the project name, we checked for any instances of 

engagement with the project in the digital trace data. Projects with three or fewer instances of 

engagement (joins or bookmarks) during the year of data collection and no further information 

were excluded from the sample.  

We coded a project’s affiliate status and campaign promotion status using records from 

SciStarter.org. Because of the longitudinal nature of data collection, we assigned different status 

levels based on when the project became an affiliate or when it was featured in a campaign. 

Affiliate status was separated into projects that have never been an affiliate, projects that became 

an affiliate during data collection, and projects that were an affiliate throughout the data 

collection. The campaign promotion status was separated into four categories: projects that were 

never featured in a campaign, projects featured only before data collection, projects featured only 

during data collection, and projects featured both before and during data collection. 

Data Analysis 

We conducted analyses in R (R Core Team, 2019) using RStudio (RStudio Team, 2016) 

and in SPSS (IBM Corp, 2017). We used social network analysis to get a better understanding of 

the relationships between projects connected by shared volunteers, which would reveal 

volunteers’ patterns of engagement in the landscape. To get a better view of connectivity within 

the landscape of citizen science projects (Obj. 1), we used the packages igraph (Csardi & 

Nepusz, 2006) and sna (Butts, 2019) to create a one-mode projection of the network, showing 

projects connected to each other by shared volunteers. Whole network descriptive statistics such 

as component analysis, clustering, and centralization revealed the structure of the network. 

We used an exponential random graph model (ERGM) to test for homophily in the 

network to determine if volunteers tend to join projects with similar attributes, such as the same 

topic or mode of participation (Obj. 2). We used the ergm package (Handcock et al., 2018; 
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Hunter, Handcock, Butts, M, & Morris, 2008) to develop a predictive model that allowed for link 

prediction based on node attributes (Robins, Pattison, Kalish, & Lusher, 2007; van der Pol, 

2019). We followed this with a Chi-square analysis to determine if observed instances of direct 

connections between projects of varying attributes differed from what would be expected in a 

random distribution of connections. 

 We then determined which projects were central to the network (Obj. 3a) by calculating 

the centrality measures (described in the introduction) on the nodes in the project connection 

network. As the most central nodes tended to be the most popular projects based on their number 

of volunteers, we followed this with a negative binomial regression analysis to explore how 

project attributes influence the dependent variable: popularity in the network as measured by 

number of project joins initiated by volunteers (Obj. 3b). We chose a negative binomial 

regression for this analysis because the data is over-dispersed, in that the variance exceeds the 

mean (Hilbe, 2011).  

Results 

Dataset Description 

During the period of data collection, 3650 SciStarter members joined 624 projects, 

resulting in 10682 instances of project joins. The 624 projects spanned all project attributes, 

representing 14 different topics (scientific disciplines). The breakdowns of the attributes are 

shown in Table 2.1.  
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Table 2.1. Counts and ratios of the number of projects in each attribute area in the project 

connection network. 

Attribute Category Number of Projects Percentage  

Topic 

Cell & Molecular 21 3.3% 

Chemistry 4 0.6% 

Ecology & Environment 337 54% 

Pollution 57 9.1% 

Geography 9 1.4% 

Geology & Earth Science 36 5.8% 

Anthropology 13 2.1% 

Pets 13 2.1% 

Psychology 24 3.8% 

Transportation & 

Infrastructure 

4 0.6% 

Astronomy & Space 39 6.3% 

Computers & 

Technology 

17 2.7% 

Math & Physics 6 1.0% 

Health & Medicine 44 7.1% 

Mode of 

Participation 

Offline 455 73% 

Online 169 27% 

Affiliate Status 

Not Affiliate 578 92.6% 

Affiliate during part of 

data collection 

19 3.0% 

Affiliate during all of 

data collection 

27 4.3% 

 Campaign 

Promotion Status 

Never featured 387 62.0% 

Featured before data 

collection 

153 24.5% 

Featured during data 

collection 

42 6.7% 

Featured before and 

during data collection 

42 6.7% 

 

The 3,650 SciStarter members that joined any project during data collection joined an 

average of 2.93 projects, with a median of two joins, minimum of 1 and maximum of 34 project 

joins; 73% of all active volunteers joined 2 or more projects, and 46% joined three or more 

projects. From the project perspective, the 624 projects had an average of 17.12 volunteers, with 
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a minimum of 1 and a maximum of 480 volunteers. The distribution of projects was skewed, 

however, as 476 projects have 10 or fewer participants. We observed multi-project engagement 

from the project perspective as well. In almost all projects (94%), at least three-fourths of the 

volunteers active on SciStarter were joining other projects. 

Project-connection Network 

The project connection projection network (project network) shows relationships among 

the various citizen science projects on SciStarter (Figure 2.2). In this network, the nodes 

represent projects, and an edge between two nodes represents the connection made when one or 

more volunteers joins both projects. Overall, 624 projects are represented as nodes in this 

network, only 10 of which are isolates, meaning that they are not connected to any other projects. 

The remaining 614 projects share volunteers with at least one other citizen science project. These 

614 project nodes made up one connected component. The longest geodesic distance between 

any two projects is 7, meaning that there a maximum of 7 links, or different edges representing 

shared volunteers between projects, to get from one project to another within the component. A 

modularity-optimization based cluster analysis (Blondel, Guillaume, Lambiotte, & Lefebvre, 

2008) revealed insignificant evidence for clustering in the network (Figure 2.3). The modularity 

of this cluster analysis is .181, which was below the suggested significance level of 0.3 (Clauset, 

Newman, & Moore, 2004).  
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Figure 2.2. Project connection network for all citizen science projects on SciStarter.  

This is a one-mode projection of projects connected by shared volunteers. Node location 

determined by default igraph plotting function. Node shape represents project mode (offline 

projects = circular nodes, online projects = square nodes). Node color represents project topic 

(Astronomy & Space = navy, Cell & Molecular = maroon, Chemistry = brown, Computers & 

Technology = red, Ecology & Environment = green, Geography = magenta, Geology & Earth 

Science = yellow, Health & Medicine = light blue, Anthropology = orange, Math & Physics = 

lavender, Pets = pink, Pollution = grey, Psychology = purple, Transportation and Infrastructure = 

turquoise). 
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Figure 2.3. Cluster analysis of the largest component of the SciStarter citizen science 

project connection network. Assigned to clusters using modularity-optimization clustering 

algorithm (Blondel et al., 2008). Node location is determined by the default igraph plotting 

function and does not map to node location in Figure 2. Modularity of the fit of this analysis is 

insignificant at .181, meaning that there is insignificant evidence for clustering in this network. 

 

Table 2.2 displays descriptive statistics for the largest component in the project network. 

These descriptive statistics again highlight the interconnectedness of the network. The relatively 

high transitivity compared to the density (S1 Appendix) emphasizes the interconnectedness at the 

center of the network. 
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Table 2.2. Descriptive statistics for the single large component in the project network. 

Measure Measure Explanation 
Project 

Network 

Number of 

Nodes 
Number of projects 614 

Number of 

Edges 

Number of connections made 

between projects by shared 

volunteers 

9678 

Diameter 

Longest distance between two 

projects, as measured by the number 

of projects that connect them 

7.00 

Average Path 

Length 
Average distance between projects 2.26 

Density 
Ratio of edges present to edges 

possible 
0.05 

Transitivity 

Ratio of triangles (three nodes 

connected by all possible edges) 

present to triangles possible 

0.32 

 

Exponential Random Graph Modeling 

We used exponential random graph modeling (ERGM) to determine if links in the 

network could be predicted using project attributes. We hoped to determine if volunteers were 

more often joining projects with similar attributes (topic, mode, affiliate status, and campaign 

feature), which would result in homophily in the network. After many trials and models run on 

both the bipartite and projection network (see S3 Appendix for a more in-depth explanation) we 

were unable to produce a non-degenerate model to investigate homophily in the network, 

suggesting that the model was not a good fit for the observed data. The persistent degeneracy of 

the models suggests a lack of homophily in the network, meaning either that volunteers are 

regularly joining projects across different attributes, or that volunteer behavior cannot be 

effectively predicted based on the project attributes investigated in this study (topic, mode, 

affiliate status, and campaign feature). 

Chi-square Analysis of Distribution of Direct Connections 

To get a better idea of the patterns of connections across and within different groups of 

attributes, we calculated the number of direct connections between projects defined by different 

levels of each attribute (e.g., connections between online and offline projects). Direct 
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connections mean that the projects share at least one volunteer. As noted above, there are 9,678 

edges, or connections, within the network. When counting the direct connections within and 

among attributes, both the starting and ending point of the connections are important; for this 

purpose, there are a total of 19,356 direct connections within the network. Table 2.3 shows the 

average percentage of direct connections from a project within each attribute level (rows) to 

projects of other attribute levels (columns). The percentages of total projects show the percentage 

of the network comprised of projects with each attribute. In a random distribution, we would 

expect the distribution of connections to closely mirror the percentage of the total projects for 

each attribute. Chi-square analyses reveal that the observed percentages differ from what would 

be expected in a random distribution for the project topics, X2 (9, N = 19,356) = 304.21, p < .001, 

modes of participation, X2 (1, N = 19,356) = 304.5, p < .001, affiliate status, X2 (9, N = 19,356) = 

59.03, p < .001, and campaign promotion status, X2 (9, N = 19,365) = 84.67, p < .001. This 

suggests that project attributes do influence volunteer project choice. 

 

Table 2.3. Connections between and across attributes. Average percentage of direct 

connections (based on shared volunteers) from a project within each attribute level (rows) to 

projects of other attributed levels (columns). Percentages across the rows add to 100%. Colors 

indicate whether the observed average percentage of connections are above (blue) or below (red) 

the percentages expected in a random distribution (as indicated by percentage of total). 

 

  Topic of Connected Projects 

 

 

 

Earth & Life 

Sciences 

Behavior & 

Social 

Sciences 

Engineering 

& Physical 

Sciences 

Health & 

Medicine 

Topic of 

Starting 

Projects 

Earth & Life 

Sciences 
72% 11% 6% 11% 

Behavior & Social 

Sciences 
53% 23% 8% 16% 

Engineering & 

Physical Sciences 
60% 15% 12% 13% 

Health & Medicine 50% 18% 6% 26% 

 Percentage of 

Total 
74% 9% 10% 7% 

 

 

 

a. 
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Table 2.3. Connections between and across attributes (continued). 

 

 

 

 

 

Affiliate Status of Connected Projects 

Full-time 

Affiliate 

Part-time 

Affiliate 

Never an 

Affiliate 

Affiliate 

Status of 

Starting 

Projects 

Full-time Affiliate 21% 6% 73% 

Part-time Affiliate 21% 7% 72% 

Never an Affiliate 22% 8% 70% 

 Percentage of Total 4% 3% 93% 

 

 

Campaign Feature of Connected Projects 

Never 

Featured 

Featured 

Before Data 

Featured 

During Data 

Featured 

Both Before 

and During 

Data 

Campaign 

Promotion 

Status of 

Starting 

Projects 

Never Featured 35% 27% 14% 24% 

 Featured Before 

Data 
36% 29% 13% 22% 

Featured During 

Data 
36% 26% 13% 24% 

Featured Both and 

During Data 
38% 29% 13% 20% 

 Percentage of Total 62% 25% 7% 7% 

 

Centralization and Centrality in the Project Network 

Focusing still on the large component of the Project Network (Figure 2.2), we analyzed 

the centralization and centrality of this network. We first analyzed the centralization across the 

network as a whole. These scores are normalized measures - the closer they get to 1, the more 

centrality is present around one node (Appendix 1). The degree centralization for the project 

network is .432, demonstrating that degree centrality is not centered on only a few projects, but 

that instead many projects are in this “central” role in the network. Betweenness centralization in 

the project network is only .080, revealing that most projects in the network play an equal role in 

connecting other projects. The project network presents high eigenvector centrality, at .835, 

meaning that a few highly connected projects are well connected to each other.  

 

Mode of Connected Projects 

Online Offline 

Mode of 

Starting 

Projects 

Online 54% 46% 

Offline 39% 61% 

 Percentage of Total 28% 72% 

b. 

c. 

d. 
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Table 2.4 shows the 10 projects with the most joins in the entire SciStarter project 

network, as well as the top 10 projects based on different measures of centrality in the largest 

component of the project connection network. Remember that, in projects with 10 or more 

volunteers, more than 90% of volunteers joined other projects, showing that multi-project 

engagement is prevalent throughout the network. It therefore follows that the most connected 

projects in this network are also generally the most popular projects. 

 

Table 2.4. Project popularity (joins) and centrality. Top 10 citizen science projects in the 

largest component of the SciStarter network based on the highest number of project joins, in 

parentheses, and the scores related to degree centrality (the count of connected projects), 

betweenness centrality (number of times the project falls on the shortest path between two other 

projects), and eigenvector centrality (count of connected projects, with consideration for how 

connected these other projects are). 

Rank Joins Degree Betweeness Eigenvector 

1 
Globe at Night 

(480) 
Globe at Night ISeeChange 

Play to Cure: Genes 

in Space 

2 
GLOBE Observer: 

Clouds (423) 

GLOBE Observer: 

Clouds 

Stall Catchers, by 

EyesOnALZ 
SquirrelMapper 

3 

CoCoRaHS: Rain, 

Hail, Snow 

Network (377) 

Stall Catchers, by 

EyesOnALZ 
Globe at Night Globe at Night 

4 
Stall Catchers, by 

EyesOnALZ (361) 

CoCoRaHS: Rain, 

Hail, Snow 

Network 

CoCoRaHS: Rain, 

Hail, Snow 

Network 

Phylo 

5 
Project Squirrel 

(350) 
ISeeChange 

GLOBE Observer: 

Clouds 
Season Spotter 

6 ISeeChange (336) 
The MuttMix 

Project 
SquirrelMapper Mark My Bird 

7 Ant Picnic (332) Project Squirrel Ant Picnic Project Squirrel 

8 
Play to Cure: Genes 

in Space (311) 
SquirrelMapper Project Squirrel 

The NOVA RNA 

Lab 

9 
The MuttMix 

Project (297) 
iNaturalist 

The MuttMix 

Project 

CoCoRaHS: Rain, 

Hail, Snow 

Network 

10 
SquirrelMapper 

(296) 
Stream Selfie Stream Selfie 

Stall Catchers, by 

EyesOnALZ 
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Centrality and Popularity 

Because project centrality was closely associated with popularity in this network, we ran 

a negative binomial regression to determine the influence of project topic, mode, affiliate status, 

and campaign promotion status on the number of volunteers that joined each project (Table 2.5). 

All attributes were significant in predicting the number of volunteers. Results revealed that 

online projects (reference variable) are more popular than offline projects (B = -1.103, p < .001). 

Among the project topics, Health & Medicine focused projects are the most popular (reference 

variable) followed by Behavioral & Social Science projects (B = -.609, p = .004), Earth & Life 

Science projects (B = -.671, p < .001), and Engineering & Physical Sciences projects (B = -

1.150, p < .001). SciStarter affiliates were more popular than projects that were not affiliates (B 

= -2.202, p < .001), but there was no significant difference based on when the project became an 

affiliate. Projects featured in campaigns were also more popular, with projects featured both 

before and during data collection (reference variable) being associated with the most joins, 

followed by projects only featured before data collection (B = -.513, p = .010), projects only 

featured during data collection (B = -.709, p = .002), and lastly projects never featured in a 

campaign (B = -1.214, p < .001). 
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Table 2.5. Negative binomial regression results. This regression examines the influence of 

different citizen science project attributes (topic, mode, affiliate status, and campaign features) 

on project popularity (the count of the number of volunteers joining a project). Popularity was 

closely associated with centrality in the project network. 

    

95%  Wald 

Confidence 

Interval 

Hypothesis Test 

Parameter 

Proportion of 

projects 

characterized by 

each attribute 

B 
Std. 

Error 
Lower Upper 

Wald Chi-

Square 
Sig. 

Intercept - 6.692 .2696 6.163 7.220 615.94 .000 

Topic: Behavior & 

Social Sciences 
.09 -.609 .2122 -1.024 -.193 8.225 .004 

Topic: Earth & Life 

Sciences 
.74 -.671 .1678 -1.000 -.342 15.992 .000 

Topic: Engineering 

& Physical 

Sciences 

.10 -1.150 .2093 -1.560 -.736 30.166 .000 

Topic: Health & 

Medicine 
.07 0a - - - - - 

Mode: Offline .73 -1.103 .1045 -1.307 -.898 111.399 .000 

Mode: Online .27 0a - - - - - 

Affiliate: Not 

Affiliate 
.92 -2.202 .2306 -2.654 -1.750 91.205 .000 

Affiliate: Part-Time 

Affiliate 
.03 -.361 .3233 -.995 .272 1.248 .264 

Affiliate: Full 

Affiliate 
.04 0a - - - - - 

Campaign: Never 

Featured 
.62 -1.214 .1906 -1.588 -.841 40.588 .000 

Campaign: 

Featured Before 
.24 -.513 .1988 -.903 -.124 6.665 .010 

Campaign: 

Featured During 
.07 -.709 .2309 -1.161 -.256 9.428 .002 

Campaign: 

Featured Before 

And During 

.07 0a - - - - - 

a Indicates reference category for each attribute group 
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Discussion  

Through mapping and analysis of the network of connections between citizen science 

projects and volunteers on the SciStarter platform, our study provides an exploratory glimpse 

into volunteer movement across projects and the role that third-party platforms may play in the 

citizen science landscape. Our results support previous findings that citizen science volunteers 

engage across multiple projects (Herodotou et al., 2020; Hoffman et al., 2017; Ponciano & 

Pereira, 2019). Volunteers on SciStarter join more than two projects on average, 73% of 

volunteers join 2 or more projects, and 94% of projects have three-fourths of their volunteer base 

joining other projects.  

The phenomenon of multi-project engagement in citizen science is exciting from both the 

volunteer experience and project management perspectives. Previous research on platforms has 

shown that volunteers engaging with multiple projects tend to stay on platforms for longer than 

those volunteers that engage with a single project (Ponciano & Pereira, 2019). Longer 

engagement with a platform could indicate longer engagement with citizen science as a whole. 

Multi-project engagement also presents more opportunities for volunteers to build skills across 

projects and develop stronger learning outcomes. For example, volunteers who engage with 

multiple projects, and projects across scientific disciplines, report higher levels of science 

efficacy, land stewardship, and environmental citizenship behaviors than volunteers who engage 

in only one project, or one type of project (Cooper et al., 2015). Platforms also benefit project 

managers, providing cyber-infrastructure, access to volunteers, and a chance for collaborative 

learning to advance best practices across projects (Newman et al., 2012). Given the potential 

benefits of multi-project engagement, it is important to understand how projects are connected by 

shared volunteers. 

Visualizing the network of projects connected by shared volunteers produced an 

interconnected network with one large component. This network presented limited clustering and 

minimal homophily, demonstrating that participation in projects is widely distributed throughout 

the network and not confined by project attributes. Interestingly, a cluster analysis on a similar 

dataset from the citizen science platform Zooniverse also found insignificant evidence for 

clustering (Herodotou et al., 2020), suggesting that the lack of clustering among projects may be 

a common trait of citizen science platforms. This indicates that groups of volunteers are not all 

joining the same group of projects; there is intermixing of volunteers across various projects. 
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The lack of clustering and homophily indicates that citizen science volunteers regularly 

cross boundaries regardless of project topic, mode, affiliate status, or campaign features. This is 

an encouraging finding for individual citizen science project managers using platforms to 

advertise projects, and for citizen science as a whole when thinking about the potential scientific 

connections developed by multi-project engagement. Our comparisons of direct connections 

between projects of varying attributes confirms that volunteers are joining projects across 

different attribute levels (e.g., online to offline). However, it also sheds some light on what the 

patterns of engagement look like among the attribute categories. The interactions across project 

topic and mode seem to behave differently than those across affiliate status and campaign 

promotion status. This is not surprising, as project topic and mode of participation are attributes 

of the projects themselves as opposed to project affiliate status and campaign promotion status, 

which are attributes imposed by SciStarter. Among project topic and mode of participation, 

volunteers may be more likely to participate in projects with similar characteristics. This is 

shown by the increased percentages along the diagonals of Tables 2.3A and 2.3B. In both 

affiliate status (Table 2.3C) and campaign promotion status (Table 2.3D), we see the influence of 

SciStarter featuring a project. Projects featured as an affiliate or in an email campaign have a 

higher instance of direct connections than would be expected in a random distribution. 

Our comparison of centrality and popularity (based on number of joins) confirmed that 

popular projects were central to the SciStarter network, and the skewed distribution of joins 

confirms that a few projects are responsible for most of the activity on SciStarter. High 

eigenvector centrality and high clustering coefficients compared to density measures also 

demonstrate that these central, popular projects were highly connected to each other. Regression 

results indicate that the popularity of these projects is in part due to their topic (health and 

medicine projects were most popular) and mode (online projects were popular). Interestingly, 

project popularity was also linked to SciStarter featuring these projects as affiliates and in email 

campaigns - projects that are featured by SciStarter in these ways received higher numbers of 

joins than those project that are not. These findings suggest a popularity reinforcement effect is 

in play, a phenomenon that has been found on other citizen science platforms (Ponciano & 

Pereira, 2019) and other systems, such as in intra-organizational idea generation (Stephens, 

Chen, & Butler, 2016). We do not know the causality within the popularity reinforcement effect, 

however. Features on the SciStarter website could influence which projects become popular, or 
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popular projects may simply be more likely to get featured on the website. SciStarter does tend 

to feature popular and successful projects, but the featuring of these projects also increases their 

visibility to even more volunteers.  

The interconnected network on SciStarter and the suggested influence of platform 

activity on project popularity demonstrates the role that platforms play in the citizen science 

landscape. Many of the projects connected by shared volunteers in these networks are not 

featured together in any location other than the SciStarter website. In this way, platforms 

promote shared management practices across citizen science projects. By sharing cyber-

infrastructure, volunteer recruitment efforts, and volunteers themselves, platforms like SciStarter 

foster shared management practices that allow for conservation of resources, including the 

resource of volunteer energy, and maximization of scientific and volunteer outcomes (Brudney 

& Meijs, 2009; Newman et al., 2012; Sharova, 2020). To this end, SciStarter has begun 

developing organization-specific portals that offer select projects selected to align with a certain 

purpose. For example, their ongoing partnership with the Girl Scouts includes a multi-project 

learning trajectory that teaches scouts how to “think like a citizen scientist” 

(https://scistarter.com/girlscouts/info). Learning trajectories that utilize network connections 

could train volunteers to complete increasingly difficult tasks, building citizen science capacity 

and resulting in a more capable volunteer base. They could also increase scientific literacy of 

volunteers and help volunteers develop more connections to science. These learning trajectories, 

which rely on networks of projects, are made possible by the infrastructure of and collaboration 

on SciStarter, and could bolster both the scientific and volunteer engagement outcomes of citizen 

science.  

Limitations 

The found nature of the digital trace data used in this study introduces several limitations 

that should be acknowledged. We only had access to data from SciStarter members, which 

excluded the activity of an unknown number of volunteers that use the SciStarter website without 

a membership. We also missed the activity of volunteers that engage with projects posted on 

SciStarter, but not through the SciStarter platform directly. For example, large projects such as 

iNaturalist have thousands of volunteers, only a small portion of whom are also SciStarter 

members (our study only captured activity for 182 iNaturalist volunteers). Because we were 

limited to activity on the website, our best measure of project engagement came through the use 

https://scistarter.com/girlscouts/info
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of the “join” button on SciStarter. Joining a project in this way does indicate behavioral intention 

to engage with a project, and behavioral pledges are associated with actual behavior in other 

contexts (Costa, Schaffner, & Prevost, 2018; Katzev & Wang, 1994). Nevertheless, for the 

majority of projects on SciStarter, we have no record of what a volunteer actually did with 

respect to data contributions after they clicked the join button. Although the current data suggests 

that about 30% of joins lead to contributions, this estimate may still be low. Also of note, data 

for this project were collected from 2017-2018. Since this time, SciStarter has migrated to a new 

url (from .com to .org) and has expanded considerably, in terms of number of registered users 

and projects as well as platform capabilities. For example, SciStarter.org now features AI-

generated project recommendations that could bolster connections among projects via shared 

volunteers. The new SciStarter has also the functionality to verify project joins and track more 

volunteer contributions due the rapidly growing number of affiliate projects. Research on the 

current volunteer activity within the website might differ from that shown in this research, or 

perhaps the patterns observed in the current research might expand to include more projects and 

volunteers on the rapidly growing platform (as of February 2020, SciStarter.org had 

approximately 70,000 members, growing from around 51,000 members in December 2018). 

Implications and Future Research 

Similar findings in terms of multi-project participation (Hoffman et al., 2017) and 

popularity reinforcement effects (Ponciano & Pereira, 2019) have been found in other studies of 

citizen science volunteers. However, to our knowledge, along with Herodotou et al.’s (2020) 

study of project connections on Zooniverse.org, this research is one of the first to use social 

network analysis techniques to explore digital trace data from a citizen science platform. These 

social network analyses have demonstrated that an interconnected landscape of citizen science 

projects exists, and that volunteers are already active throughout it. Research is still revealing 

what multi-project engagement means for individual volunteers, for the scientists that run 

contributory projects, and for the field of science as a whole (Herodotou et al., 2020; Ponciano & 

Pereira, 2019). Our study suggests that platform activities influence citizen science engagement 

patterns and that online platforms can facilitate connectivity and shared management of 

volunteers across the network of projects.  

Future research could investigate the citizen science project connection network using 

data that allows for a deeper level of engagement (beyond project joins). This might include self-
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reports of project engagement or digital trace data that includes project contributions. Additional 

project attributes, such as location or type of engagement (contributory style, co-created, etc.) 

(Shirk et al., 2012) could reveal more influences on project popularity and factors that influence 

volunteer choices of projects. Future research could also incorporate the temporal component of 

project engagement, investigating the existence of “gateway” projects, or volunteers’ first 

projects that lead them into the world of multi-project engagement. Additionally, temporal 

research could analyze individual learning trajectories to understand what multi-project 

engagement means in terms of sustained engagement with citizen science, skill development 

over time, and broadening connections to science (Ponciano & Pereira, 2019; Stylinski, 

Peterman, Phillips, Linhart, & Becker-Klein, 2020). Experimental manipulation of platform 

management strategies (e.g., systematic selection of projects for campaigns, targeted features of 

selected projects in thematic portals) could reveal causal pathways that help to better explain 

volunteer recruitment and retention and create new multi-project engagement pathways. Our 

work underscores the need for citizen science researchers, project managers, and platform 

managers to consider utilizing landscape-level projections to investigate how the larger network 

of projects and volunteers interact to influence broader outcomes. An enhanced understanding of 

connectivity across citizen science projects would help both project and platform managers 

leverage existing capacity and benefit from the resources (e.g. access to data, volunteer energy, 

and project infrastructure) this larger landscape provides. 
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Chapter 3: Comparing citizen scientists’ multi-project engagement patterns based on 

digital trace and self-reported data 

Abstract 

Multi-project engagement by citizen scientists and the rise of the third-party platforms are 

changing the way that many researchers think about citizen science engagement. Platforms allow 

for collection of digital trace data, a record of volunteer activity on the platform. Relative to self-

report data, which may be cumbersome to collect, digital trace data provides researchers with 

easy access to large amounts of information. However, digital data is a product of the system in 

which it is produced, and data limited to a single platform may not paint the full picture of 

volunteer engagement patterns. Using social network analysis, we mapped and compared project 

connection networks formed of digital trace and self-report data. Digital trace data was 

comprised of the activity of 3651 volunteers on SciStarter.org between Sept 2017 – Dec 2018, 

and self-report data was collected from a survey sent to SciStarter users (793 responses) in the 

fall of 2018.  

Whole network descriptive statistics reveal similarities in network structures, including 

similar densities and patterns of centralization. Clustering analysis reveals insignificant 

clustering in the digital network, but significant clustering in the self-report network. These 

findings suggest that although digital trace data may provide a helpful snapshot of volunteer 

activity, researchers should not rely on this data source alone to tell the whole story of volunteer 

engagement. Third-party platforms play an important role in citizen science in part by connecting 

volunteers to projects and projects to volunteers, but researchers should not forget that exciting 

citizen science occurs outside of platforms as well. 

Introduction 

The citizen science landscape is evolving. Research has revealed that citizen scientists are 

engaging with multiple projects (Allf et al., unpublished data; Futch et al., unpublished data; 

Herodotou, Aristeidou, Miller, Ballard, & Robinson, 2020; Hoffman, Cooper, Kennedy, 

Farooque, & Cavalier, 2017), and the rise of multiple online third-party platforms (e.g., 

SciStarter, Zooniverse) introduces incoming citizen scientists to thousands of potential projects. 

In step with these developments, citizen science researchers have begun working to understand 

activity on online platforms and cross-project patterns of participation (Herodotou et al., 2020; 
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Ponciano & Pereira, 2019). An enhanced understanding of engagement patterns could increase 

capacity for shared management of citizen science volunteers (Brudney, Meijis, & van 

Overbeeke, 2019; Sharova, unpublished data) and facilitate achievement of broader project 

outcomes by boosting contributions and facilitating skill development (Ponciano & Pereira, 

2019; Stylinski, Peterman, Phillips, Linhart, & Becker-Klein, 2020). Many researchers are 

relying on digital data created by volunteer activities (e.g., clicks, etc.) to describe the breadth 

and depth of volunteer engagement across a platform (Futch et al., unpublished data; Herodotou 

et al., 2020; Ponciano & Brasileiro, 2014; Ponciano & Pereira, 2019).  But does this digital trace 

data derived from platform analytics tell the whole story of citizen science engagement? 

Self-reported Data 

Historically, researchers have often relied on self-reported data, frequently collected via 

surveys (web, phone, or mail), to understand people’s behavioral patterns and preferences 

(Dillman, 2011). The use of self-reported metrics is particularly common in research focused on 

pro-environmental behavior (Larson, Stedman, Cooper, & Decker, 2015; Steg & Vlek, 2009) and 

citizen science (Larson et al., 2020; Lewandowski & Oberhauser, 2017; Toomey & Domroese, 

2013). However, self-reported measures of behavior may be limited due to factors such as 

inaccurate recall and potential social desirability bias (Chao & Lam, 2011; Gatersleben, Steg, & 

Vlek, 2002). Additionally, response rates to conventional survey approaches are in a state of 

consistent decline, making self-reported data more difficult to collect (Czajka & Beyler, 2016; 

Greenland; Stedman, Connelly, Heberlein, Decker, & Allred, 2019; Van Mol, 2017). Although 

self-reports will continue to be an important methods of gathering data about people’s activity 

patterns and behavior, particularly with respect to engagement with science and the natural 

environment (Phillips, Ballard, Lewenstein, & Bonney, 2019; Rosa & Collado, 2019),  other 

sources of information about human activity are becoming increasingly important.  

Digital Trace Data 

In the world of citizen science, online citizen science platforms, such as SciStarter.org, 

offer a particularly attractive alternative: digital trace data. These data are records of online 

activity (Howison, Wiggins, & Crowston, 2011). On a citizen science platform, digital trace data 

tell researchers when volunteers join or bookmark a project (Futch et al., in-prep); they  also 

record when participants complete tasks in a project (Herodotou et al., 2020; Ponciano & Pereira, 
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2019). However, researchers must be thoughtful when using digital trace data to understand 

volunteer activity. Howison and colleagues (2011) create a roadmap of considerations for 

researchers using digital trace data in social network analysis, although the base principles can be 

applied to other research paradigms as well. They note that digital trace data is found data, it is 

not designed for specific research purposes and as such must be adapted for research. For 

example, existing digital trace data may not directly relate to or inform a targeted research 

objective. Digital trace data is also event-based, meaning that researchers must decide the 

meaning behind an event, and it is longitudinal, meaning that researchers must aggregate events 

that happen over time to create a network. In citizen science research, does one-time involvement 

with a project, such as a project “join” or a single task execution, equal project engagement? This 

is up to researchers to subjectively interpret and decide. 

Other scholars highlight additional fallacies prominent in analyses using digital trace 

data. Jungherr (2018) calls the first fallacy the “n=all fallacy”: using all available digital trace 

data does not equate to sampling all of a population. Like any other data sources, digital trace 

data is subject to access restrictions. For platform-based research in citizen science, the data may 

be limited to volunteers that have become members of a website or only available to limited 

researchers because of existing data use agreements (Williams et al., 2018). A second fallacy 

Jungherr (2018) presents is the “mirror fallacy.” This fallacy stems from researchers using digital 

data (such as tweets) to understand offline social behavior or phenomena (support for a political 

party). Jungherr points out that believing that digital data alone accurately mirrors offline 

phenomena underestimates the influence of the digital system on the data. The platform is a 

dynamic influence on behavior, not a static repository of people’s actions.  For example, research 

using citizen science platforms has demonstrated the influence of platform activities, like project 

promotion, on resulting web data (Futch et al., unpublished data; Herodotou et al., 2020).   

To this point, citizen science researchers have kept the interpretation of platform activity 

applicable to the platforms themselves and shown that when digital trace data is used correctly, it 

opens the door to a wealth of information about volunteer activity on online platforms 

(Herodotou et al., 2020; Ponciano & Brasileiro, 2014; Ponciano & Pereira, 2019). Nevertheless, 

despite its numerous benefits, digital trace data from platforms is inherently limited to activity 

within the observed system. A substantial portion of citizen science occurs internationally 
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outside of these platform settings, whether within the frameworks of individual online projects or 

out in the field (Bonney et al., 2014; Newman et al., 2012). As research on volunteer activity 

continues, it is therefore important to understand how and whether engagement with projects on 

platforms relates to engagement outside of platforms. 

Research Objective 

The goal of this study was to use a social network analysis approach to investigate 

volunteers’ multi-project engagement and the resulting project connection networks formed of 

digital trace and self-report data. By characterizing and comparing both of these data sources, we 

hoped to construct a more accurate picture of volunteer activity throughout the broader citizen 

science landscape (i.e., not confined to a single platform) and help determine if the use of digital 

trace data is an effective method for understanding volunteer activity. 

Method 

Social Network Analysis 

Social network analysis (SNA) is a research paradigm that allows for the formalization of 

relationships (Wasserman & Faust, 1994). Use of SNA methods reveal patterns of relationships 

that can inform understanding and management of a complex system. For example, SNA has 

been used to explore the landscape of citizen science projects that are connected to each other by 

shared volunteers (Futch et al., unpublished data; Herodotou et al., 2020). While revealing, these 

research methods are, as of yet, limited to cross-project engagement on a single platform.  

Social networks are made up actors (nodes) and the relationships between them. In this 

research, we focus on the project connection network, a network made up of projects (nodes) 

connected by shared volunteers (edges). If a volunteer engages with multiple citizen science 

projects, as volunteers often do, they begin to connect these projects. The edges between projects 

also have weights based on the number of volunteers they share. If 50 volunteers join both 

project A and project B, and 35 different volunteers in project A also join project C, then project 

A and B are connected by an edge of weight 50 and projects A and C are connected by an edge 

of weight 35. Analyzing the resulting project connection network provides insight into the 

activity of volunteers and the prevalence of certain projects in the citizen science landscape 

(Futch et al., unpublished data).  
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The activity patterns of citizen science volunteers can be determined in part through a 

cluster analysis of the network. This analysis will determine if groups of volunteers cluster 

around specific projects, or if volunteers seem to explore projects throughout the landscape. In a 

previous analysis of digital trace data from the platform SciStarter (Scistarter.org) (Futch et al., 

unpublished data), researchers found insignificant evidence of clustering in the network. A 

similar finding also emerged in a recent study of a different platform, Zooniverse 

(Zooniverse.org) (Herodotou et al., 2020). Both platforms present complex, interconnected 

networks with insignificant clustering as evidenced by modularity scores.  

Another common analysis of networks is centrality and centralization. These 

measurements, which reveal the projects that are central to the network, can be calculated in 

multiple ways.  Herodotu et al. (2020) described centrality in the Zooniverse network based on 

degree centrality, which is the count of other projects that a single project is connected to. Futch 

et al. (in prep) also used this measure alongside other measures of centrality (i.e., degree, 

betweenness, eigenvector) to explore connection in the SciStarter network. Betweenness 

centrality measures how well a project connects other projects in the network, taking into 

account how a single node connects otherwise disconnected nodes. Eigenvector centrality takes 

into account the connectivity of the projects to which a single node is connected. Nodes that are 

connected to well-connected projects will have higher eigenvector centrality than those that are 

connected to otherwise disconnected projects (Hanneman & Riddle, 2005). Centralization 

measures the extent to which a certain measure is focused on one or a few nodes. For example, a 

network with high betweenness centrality means that a few nodes are connecting otherwise 

disparate network sections. These networks are less interconnected than networks with low 

betweenness centralization, in which nodes more equally share the role connecting sections of 

the network (Hanneman & Riddle, 2005).  

Previous analyses of project connection networks constructed from platform data found 

that the projects central to the networks were promoted to volunteers by the platform (Futch et 

al., unpublished data; Herodotou et al., 2020). This findings supports the mirror fallacy that 

Jungherr asserted was a pitfall of digital trace data (2018): platform-based web data is a product 

of the digital system it is produced within. In order to truly understand volunteer activity 

patterns, we must therefore look beyond a single platform. That is why a comparison between 



54 

 

 

digital trace and self-reported data (which may extend beyond a given platform) is essential for 

understanding the complexity of the citizen science landscape. 

Digital Trace Data  

Digital trace data was pulled from Scistater.org between Sept 19th, 2017 and Dec 3rd, 

2018. When volunteers were logged into their SciStarter accounts, their activity on the website 

was recorded along with an anonymized participant ID number. We used volunteers clicking a 

button labeled “join” as a proxy for project engagement. See Futch et al. (unpublished data) for 

more details about the digital trace data used in this study. 

Self-reported Data 

To better understand participation engagement beyond digital trace data, we distributed a 

web-based survey (Qualtrics, 2018) to members of SciStarter using several different methods 

from October to December 2018. First, we sent an email with the survey link directly to all 

SciStarter members (approximately 50,000 people). We also programmed a pop-up prompt so 

that individual volunteers logging in to their SciStarter account would see a reminder to take the 

survey. Finally, we included a note about the survey, along with the survey link, in one of 

SciStarter’s regular newsletter updates, sent to all SciStarter members and a few other members 

of the larger citizen science community. 

This research focuses on answers to a single question in the survey: “Please list all of the 

citizen science projects you have participated in.” By the survey closing date, we received 793 

responses. Of these responses, 466 unique individuals indicated that they had participated in 

citizen science projects. Sixty-five of these participants did not provide enough information 

about the projects they participated in to be coded (e.g. “too many to list”), leaving an effective 

sample size of 401 responses that listed citizen science projects. Because it is impossible to know 

with certainty how many different volunteers are active on SciStarter (many accounts that are 

created are associated with minimal or no project activity) or how many citizen scientists 

actually viewed the survey (via email, website, or newsletter), we were not able to calculate a 

precise response rate. However, the digital trace data shows 4,453 unique users were active on 

the website between September 2017 and December 2018. If we assume that these active users 

give a more accurate count of SciStarter users reached by the email and website pop-up, then 
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our survey response rate represented 10% of active SciStarter users. While some degree of 

response bias may be present and unaccounted for (e.g., individuals more deeply engaged in 

citizen science were more likely to respond), this exploratory sample represents a cross section 

of committed citizen scientists that offer unique insights into volunteer behavior.  

We coded survey responses (i.e., projects listed) to match up with extant citizen science 

projects to the best of our ability. If the survey response could not be linked to a specific project, 

the response was coded into a general project category. For example, if a volunteer reported that 

they participated in a local water monitoring project, but we had no additional information about 

their location or the specific project with which they did water monitoring, this was coded as 

“Water Monitoring (general)”. Project attributes (e.g. project topics) were coded using the same 

method as in Futch et al. (unpublished data). Each project topic was coded as either: (a) 1 of 14 

distinct scientific disciplines (Appendix 1), (b) a platform if the project listed referred to a 

platform that includes projects of varying scientific disciplines (e.g. Zooniverse), or (c) 

Unknown if we were unable to determine anything more about the project. Unknown projects 

include general online projects, where the volunteer provided no more information other than the 

fact that they participated in an online citizen science project. Projects deemed to not be citizen 

science were dropped from the dataset. This included master gardener and master naturalist 

programs, and littler clean-ups that have no scientific component. Project mode was coded as 

online, offline, or unknown (if the project description given did not provide enough information 

to determine mode of deliver). SciStarter status was coded based on whether or not a project was 

present on SciStarter at the time of data collection, or as unknown if the response was not 

matched to a specific project.  

Analysis 

All analysis was done in R (R Core Team, 2019) using RStudio (RStudio Team, 2016). 

We use the packages igraph (Csardi & Nepusz, 2006) and sna (Butts, 2019) to map and analyze 

the relationships between projects connected by shared volunteers in order to understand 

volunteers’ patterns of engagement. Normalized whole network descriptive statistics allow for 

comparison across networks (Hanneman & Riddle, 2005), revealing similarities in the structures 

of both networks. We also use cluster and centrality analyses to reveal the structure of each 

network. 
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Results 

Due to the anonymized nature of the digital trace data, we do not have demographic 

information about these volunteers. Our survey respondents were 67% female and 88% white. 

47% currently work in or have previously worked in STEM professions, and 53% hold a 

graduate or professional degree. The average age of the respondents is 50.944. 

Multi-project Participation 

Digital trace data captured the activity of 3651 volunteers engaging with 629 projects in 

10,710 instances of project joins. Volunteers joined an average of 2.93 projects, with a minimum 

of 1 and a maximum of 34 project joins. 73% of all volunteers joined 2 or more projects, and 

46% joined three or more. From the project perspective, the 629 projects had an average of 16.91 

volunteers, with a minimum of 1 and a maximum of 480. The distribution of projects was 

skewed, however, as 485 projects have 10 or fewer participants. Within 94% of the projects, at 

least three-quarters of the volunteers joined additional projects.  

For self-reported data, survey respondents listed 540 different projects in a total of 1,362 

unique instances of participation. On average, the 401 volunteers reported that they had 

participated in 3.35 citizen science projects, with a minimum of 1 project reported, and a 

maximum of 37. 59% of respondents reported participation in two or more projects, and 39% 

reported participating in three or more projects.  From the project perspective, the 540 projects 

have an average of 2.51 reported volunteers within the survey sample, with a minimum of 1 and 

a maximum of 47. As these numbers indicate, many projects were only reported by a few 

volunteers, as 435 projects have less than three volunteers reported in the survey. These numbers 

also confirm multi-project participation among SciStarter volunteers; within 88% of projects, at 

least three-quarters of the volunteers report participating in multiple projects. Table 3.1 shows 

volunteer participation patterns based on both the digital trace and self-reported datasets, 

revealing high levels of multi-project participation from both information sources. Overall 

numbers of volunteers per project are significantly lower for the self-reported data because these 

data only represented a small subset of SciStarter users (whereas digital trace data theoretically 

captured all users of the platform logged in to SciStarter accounts).  
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Table 3.1. Dataset descriptors for digital trace and self-report data. Digital trace data 

retrieved from SciStarter.org between September 2017 and December 2018. Self-report data 

retrieved from survey responses of SciStarter users in Fall of 2018.  

 Digital Trace Data Self-report Data 

Number of Volunteers Reporting 3651 401 

Number of Projects (or Project Groups) 629 540 

Average Number of Joins by a Volunteer 2.93 3.35 

Maximum # of Joins by a Volunteer 34 37 

Percentage Joining 2+ Projects 73% 59% 

Mean # of Volunteers per Project 16.91 2.51 

Maximum # of Volunteers in a Project 480 47 

Percentage of projects with 75% of volunteers 

engaging with mult. projects 
94% 88% 

 

Project Connection Network 

Figure 3.1 shows the project connection networks (projects connected by shared 

volunteers) composed of digital trace and self-report data. In the digital network (Figure 1a), ten 

of the projects are isolates, meaning that they are not connected to any other projects. The rest of 

the projects are connected in some way, presenting as a single, interconnected component of 

projects.  
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Figure 3.1. Project connection networks composed of digital (a) and self-reported data (b). 

Each node represents a citizen science project, and connections are formed when volunteers join 

multiple projects. Node shape represents project mode. Offline projects are represented by 

circular nodes, online projects are represented by squares, and projects of unknown mode are 

represented by triangles. Node color represents project topic with the following associations: 

Astronomy & Space = Navy, Cell & Molecular = Maroon, Chemistry = Brown, Computers & 

Technology = Red, Ecology & Environment = Green, Geography = magenta, Geology & Earth 

Science = Yellow, Health & Medicine = light blue, Anthropology = Orange, Math & Physics = 

Lavender, Pets = Pink, Pollution = Grey, Psychology = Purple, Transportation and Infrastructure 

= Turquoise, Platform = Beige, Unknown = Black. Note that Platform and Unknown topics are 

not present in the digital network (left). 

 

In the self-report network (Figure 3.1b), twenty-five of the projects are isolates not 

connected to any other projects. Seven respondents reported participation in projects that were 

not reported by any other volunteers, resulting in the small, dense, components on the periphery 

of the network. Utilization of survey data enabled our analysis to reach beyond the boundaries of 

the SciStarter platform. For instance, 33% of projects reported on the surveys were not present 

on SciStarter at the time of survey distribution. We were able to confirm that 43% of the projects 

mentioned in self-reported data were posted on SciStarter, and it is unknown if the remaining 

23% of projects were on the platform (Figure 3.2).  

b. a. 
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Figure 3.2. SciStarter status of projects in the self-report project connection network. Node 

color indicates whether or not a project is present on SciStarter. White = On SciStarter, Red = 

Not on SciStarter, Grey = Unknown. 

 

The following descriptive analysis focuses on the largest component, or largest set of 

interconnected nodes, in the digital and self-report networks (Figure 3.3). The largest component 

of the digital network (Figure 3.3a) contains 619 projects, or nodes, and 9817 connections 

between projects, or edges. The longest path between any two nodes is 7 steps, and the average 

path length is 2.26 steps. In the self-report network, the largest component (Figure 3.3b) contains 

495 nodes, and 4405 edges. The longest path between any two nodes is 6 steps, and the average 
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path length is only 2.65 steps. Table 3.2 describes the project network structure based on both the 

digital trace and self-reported datasets, revealing high levels of project connectivity in both 

datasets. 

         

Figure 3.3. Largest component of the digital trace (a) and self-report (b) project connection 

networks. The largest component is the largest set of connected nodes. Node shape represents 

project mode. Offline projects are represented by circular nodes, online projects are represented 

by squares, and projects of unknown mode are represented by triangles. Node color represents 

project topic with the following associations: Astronomy & Space = Navy, Cell & Molecular = 

Maroon, Chemistry = Brown, Computers & Technology = Red, Ecology & Environment = 

Green, Geography = magenta, Geology & Earth Science = Yellow, Health & Medicine = light 

blue, Anthropology = Orange, Math & Physics = Lavender, Pets = Pink, Pollution = Grey, 

Psychology = Purple, Transportation and Infrastructure = Turquoise, Platform = Beige, 

Unknown = Black. Note that Platform and Unknown topics are not present in the digital network 

(left). 

 

  

b. a. 
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Table 3.2. Descriptive statistics comparing largest components of citizen science project 

networks. Results from both digital trace and self-reported data from SciStarter. Modularity is 

considered significant at .3 (Clauset, Newman, & Moore, 2004). 

 Measure Explanation 
Digital 

Network 

Self-report 

Network 

Number of Nodes Number of projects 619 495 

Number of Edges 

Number of connections made 

between projects by shared 

volunteers 

9817 4405 

Diameter 

Longest distance between two 

projects, as measured by the number 

of projects that connect them 

7 6 

Average Path 

Length 
Average distance between projects 2.26 2.65 

Density 
Ratio of edges present to edges 

possible 
.05 .04 

Modularity Measure of fit of cluster analysis .187 .468* 

 

Project Clustering 

In the digital network, a cluster analysis using a modularity-optimization algorithm 

(Blondel, Guillaume, Lambiotte, & Lefebvre, 2008), suggested 10 clusters in the main 

component of the network (Figure 3.4a), but the modularity of the fit of the cluster analysis was 

insignificant at .187 (Clauset et al., 2004). The insignificance of the modularity indicates that 

there are as many or more connections between suggested clusters as within suggested clusters.  

The same cluster analysis (Blondel et al., 2008) on the self-report data revealed 12 

clusters in the main component of the network (Figure 3.4b). The result of a modularity 

algorithm was .468, with is above the threshold for significance at .3 (Clauset et al., 2004). These 

clusters are heterogeneous across coded project attributes. The largest cluster has 101 project 

members, 94 of which have the overarching project topic of Earth & Life Sciences, 2 of each 

Behavior & Social Sciences and Engineering & Physical Sciences, 1 coded as Health & 

Medicine, and 2 coded as Unknown. Although this breakdown is skewed toward Earth & Life 

Sciences, we cannot say that the project topic is influencing the clustering, as Earth & Life 

Science simply composes an overwhelming percentage of all projects (e.g., 74% of the projects 

in the largest component are Earth & Life Sciences projects). The largest cluster of 101 projects 
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is similarly heterogeneous in regards to project mode; it is composed of 84 offline projects, 14 

online, and 3 unknown. The remaining 11 clusters are also heterogeneous mixes of project 

attributes, confirming that most citizen scientists engage with projects across the potential 

divides of project topic and mode of participation. Other factors not considered in this study may 

be therefore be driving the clustering patterns observed in the self-report network. 

 

     

Figure 3.4. Cluster analysis of the largest component of the citizen science project 

connection network based on digital trace (a) self-reported (b) data from SciStarter 

members. Clustering assessed using modularity optimization clustering algorithm (Blondel et 

al., 2008). 

 

Project Centralization and Centrality 

Measures of centralization in the largest component of the digital and self-report 

networks are shown in Table 3.3. Both networks display high eigenvector centralization, 

meaning that highly connected projects at the center of the network are well-connected to other 

highly connected projects. Degree and betweenness centrality are less concentrated around a few 

nodes. 

 

b. a. 
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Table 3.3. Normalized centralization measures in the largest component of each network of 

citizen science projects. Normalized network measures allow for comparisons across networks 

(Hanneman & Riddle, 2005). 

Mode of Centralization Digital Network Self-report Network 

Degree Centralization .432 .348 

Betweenness Centralization .080 .191 

Eigenvector Centralization .836 .873 

 

Looking at which projects lie at the center of these different measures, we see that many 

of the central projects in both networks are also the most popular projects in the network (Table 

3.4). This seems to be because there is such a high incidence of multi-project participation across 

the network, remember that in each of the data sets, the overwhelming majority of the projects 

(94% in digital trace data and 88% in self-report data) had at least three-fourths of their 

volunteers engaging with other projects. Of note, all projects central to the self-report network 

are posted on SciStarter, but some of the projects central to self-reported project network were 

not central in the digital network. As a prime example, iNaturalist is the most central project in 

the self-report network regardless of the type of centrality measure used. In the digital network, 

iNaturalist was one of the top ten most central projects only when looking at degree centrality, 

which is based on the number of projects it is connected to. 
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Table 3.4. Comparing citizen science project popularity to centrality for both the digital 

and self-report networks. The table shows the top ten projects with the most joins, and the 

highest centrality scores for eigenvector centrality measures. 

 

Rank 

Digital Network Self-Report Network 

Joins (#) 
Eigenvector 

Centrality 
Joins (#) 

Eigenvector 

Centrality 

1 Globe at Night (480) 
Play to Cure: 

Genes in Space 
iNaturalist (47) iNaturalist 

2 
GLOBE Observer: 

Clouds (423) 
SquirrelMapper 

CoCoRaHS: Rain, 

Hail, Snow Network 

(31) 

eBird 

3 
CoCoRaHS: Rain, Hail, 

Snow Network (377) 
Globe at Night Stream Selfie (31) Globe at Night 

4 
Stall Catchers, by 

EyesOnALZ (350) 
Phylo eBird (28) 

Christmas Bird 

Count 

5 Project Squirrel (336) Season Spotter Ant Picnic (26) Project Squirrel 

6 ISeeChange (336) Mark My Bird 
Stall Catchers, by 

EyesOnALZ (25) 

The Great 

Backyard Bird 

Count 

7 Ant Picnic (332) Project Squirrel Globe at Night (24) Stream Selfie 

8 
Play to Cure: Genes in 

Space (311) 

The NOVA 

RNA Lab 
Project Squirrel (22) 

CoCoRaHS: 

Rain, Hail, 

Snow Network 

9 
The MuttMix Project 

(297) 

CoCoRaHS: 

Rain, Hail, 

Snow Network 

Christmas Bird Count 

(22) 

FrogWatch 

USA 

10 SquirrelMapper (296) 

Stall Catchers, 

by 

EyesOnALZ 

The Great Backyard 

Bird Count (21) 
NestWatch 

 

Discussion 

Our study compared the networks composed of projects connected by shared volunteers 

using digital trace and self-report data from SciStarter members. Overall, we observed similar 

patterns of participation in both digital and self-report networks. Using either measure, it is clear 

that citizen science volunteers are joining multiple projects and are not confined by project topic 

(scientific discipline) or mode of participation (online/offline). Multi-project participation has 

also been found in other studies of volunteer activity (Allf et al., unpublished data; Hoffman et 

al., 2017; Ponciano & Pereira, 2019) 
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The wealth of multi-project participation creates a complex, interconnected network of 

citizen science projects that is evidenced in part by a low network diameter. The longest distance 

between any two projects in the largest component of each network is 7 links (or different edges 

representing shared volunteers between projects) for the digital network and 6 links for the self-

report network. In both networks, we see similar patterns of centrality and centralization. The 

networks present high eigenvector centralization, meaning that well-connected projects are 

highly connected to each other. Centrality in the digital and self-report networks reveal that these 

highly connected projects tend to be popular projects within the network. Almost all projects in 

the top ten for each type of centrality are projects posted on SciStarter. This is not surprising 

considering digital trace data was entirely derived from the SciStarter platform and surveys 

explicitly targeted SciStarter members. However, it should also be noted that at least 33% of the 

projects listed by survey respondents were not posted on SciStarter. Although none of these 

made it into the top ten in terms of popularity or centrality, the distribution suggests a high 

degree of volunteer activity outside of the SciStarter platform – activity that would not have been 

captured through analysis of digital trace data alone. 

Although the digital trace and self-report networks are similar in many ways, there is one 

major difference. While the digital network presents insignificant clustering (based on the 

modularity clustering algorithm, Blondel et al., 2008), the self-report network showed significant 

clustering. Clustering in a project connection network implies that groups of volunteers are 

engaging with specific groups of projects. A recent paper investigating volunteer participation on 

the Zooniverse platform using digital trace data also found a low modularity score for clustering 

(Herodotou et al., 2020). These finding suggests that volunteer clustering may not be present on 

citizen science platforms, but may be more likely to occur outside of the platform context.  

Multiple explanations for this difference exist. First, it may stem from a difference in metrics 

between digital and self-report data. Perhaps online engagement, whether operationalized 

through joins or task execution, is simply a different type of engagement than self-reported 

participation in a project. What researchers are considering as digital traces indicative of project 

engagement (a single “join” indication or task execution within a project) may not equate to 

deeper levels of interaction that volunteers report as engagement.  Or perhaps clustering is more 

prevalent when considering off-platform activity because of the importance of geographic 

locations to off-platform, place-based citizen science projects (Newman et al., 2017). 
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Another potential explanation is that citizen science platforms broaden volunteer horizons 

and combats human tendencies to cluster around a group of related projects defined by a single 

attribute (e.g. topic, mode of participation), which might be expected when considering the 

prevalence of humans’ in-group preferences (Jin & Baillargeon, 2017). Platforms may facilitate 

some degree of branching as volunteers see projects featured in new places (e.g., thematic portals 

or campaigns in newsletters), raising awareness and creating connections to projects that 

volunteers might be inherently less inclined to explore.  

However, we believe differences in the clustering properties of the project networks 

might also point more to another important conclusion: tracking activity on a single platform 

does not tell the whole story of citizen science engagement. Although survey respondents, as 

members of the SciStarter community, were presumably active on the platform, less than half of 

the projects reported (43%) were posted on the SciStarter website. Many projects listed by 

respondents that were not on SciStarter were posted on other citizen science platforms such as 

Zooniverse (Zooniverse.org) and even a handful from Swedish Platform Vetenskap & Allmänhet 

(v-a.se). Other projects often included small local projects hosted by museums, nonprofits, or 

government entities. These small-scale, place-based approaches to citizen science can have 

significant impact on volunteers and are an important part of the citizen science landscape 

(Ballard et al., 2017; Newman et al., 2017). While digital trace data provide a useful snapshot of 

participant engagement patterns both within a single platform and during a certain time period, 

researchers should keep in mind the diverse landscape of citizen science that that exists outside a 

platform. Platforms may indeed play a key role when it comes to fostering connectivity in citizen 

science (Futch et al., unpublished data), but citizen science research and management should 

look beyond these boundaries as well. Shared management of volunteers throughout the larger 

project landscape would capitalize on existing volunteer behavior patterns to foster deeper 

connections to science, recruit trained volunteers experienced in various forms of data collection, 

and maximize both the scientific and educational outcomes of citizen science. 

Future Research 

Our research highlights several areas for future research that might help to address some 

of the limitations of the current study. Analysis of SciStarter data provides access to a wide range 

of project and volunteers, but it by no means represents the entire citizen field. Multi-project 
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participation and project clustering should be explored in connection networks across other 

platforms (e.g., Herodotou et al., 2020). In a similar vein, future research should consider self-

reported data from volunteers operating across all corners of the citizen science landscape, not 

just members of the SciStarter community (e.g., Hoffman et al., 2017). Additionally, digital trace 

data collected over a longer time period may tell a different story. The digital trace data collected 

here reflected volunteer activity between September 2017 and December 2018, while the self-

report data covers a volunteer’s lifetime of citizen science engagement. As researchers gain 

access to additional years of digital trace data, perhaps the digital and self-report networks will 

be more reflective of each other. 

Additional analyses could help to reveal project attributes associated with different 

network clusters. While platforms might foster heterogeneous clusters of projects, a larger 

sample of self-reported data might illustrate more concrete drivers of clustering patterns. 

Typologies based on project attributes not considered in this research, such as level of 

engagement (Shirk et al., 2012), project location, or project goals (Wiggins & Crowston, 2011) 

may reveal more divisions across attributes. Consideration of volunteer choice and preferences, 

such as differing motivations for engaging in citizen science (Larson et al., 2020), could also 

impact project clustering within the larger citizen science network. 

Collection of a broader self-reported sample would help researchers determine if patterns 

observed in this study are truly representative of the larger body of citizen science volunteers and 

projects. Only about 10% of active SciStarter members responded to our survey, and we had no 

way of assessing potential non-response bias. If respondents were among the more committed 

and engaged members of the citizen science community, perhaps their levels of multi-project 

engagement surpassed those of other less engaged volunteers. Similarities with our digital trace 

data and networks and other studies (Allf et al., unpublished data) suggest that this assumption is 

false and that the self-report networks we projected may be unbiased, but future research would 

help to confirm this. 

Finally, we should reiterate that while digital trace data provides a useful snapshot of 

participant engagement patterns, self-reported data is important too. Using both sources, we 

demonstrated that citizen science volunteers engage in a wide range of projects across project 

topic, mode of participation, and even project platform. Platforms will undoubtedly remain a 
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critical part of the citizen science experience, particularly for project managers hoping to engage 

with and share a diverse population of volunteers. But our results also indicate that both 

researchers and project managers should think beyond the digital trace data generated by online 

platforms in order to get the whole story of citizen science engagement. 
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Chapter 4: Management Implications and Future Research 

This chapter is formatted as a blog post. It is intended for submission to the SciStarter 

blog to further disseminate the findings of this thesis to non-academic audiences. 

You likely know that tens of thousands of people around the world contribute to citizen 

science every year. In fact, if you’re reading this, you’re probably one of them. But here’s 

something you might not know: recent research indicates that most of these volunteers are 

engaging in more than one citizen science project. Our studies are revealing that, in many cases, 

it’s a lot more than one project! The diverse connections between these projects might surprise 

you and any project managers concerned about volunteer recruitment and retention. 

Platforms that host thousands of projects, such as SciStarter.org, make it is easy to find 

and connect with many different projects. But how common is this multi-project participation, 

and what projects are most central to the larger citizen science network? Our research team, 

based out of North Carolina State University, has been using data from SciStarter.org and a 

research paradigm called Social Network Analysis (SNA) to answer these questions. When 

SciStarter members interact with projects on the website, their actions are logged in a record of 

activity. These actions become digital trace data. Using these digital traces, we are able to 

explore volunteer engagement with different projects and map the connections that form when 

the same volunteers join multiple projects. 

https://arxiv.org/pdf/1501.02134.pdf
https://en.wikipedia.org/wiki/Social_network_analysis
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Figure 4.1. Project connection network of digital trace data on SciStarter.org. Nodes are 

projects (colors = project topic, shapes = mode of participation). Connections between two 

projects are formed when volunteers join both projects. 

We found far more connections than we anticipated. Between September 2017 and 

December 2018, 3651 SciStarter volunteers joined an average of 2.93 projects, with at least 

one volunteer joining 34 different projects! The prevalence of multi-project engagement creates a 

complex, interconnected network of projects connected by shared volunteers, shown in Figure 

4.1.  Each node (or point) in this network represents a citizen science project that is posted on the 

SciStarter website, and the connections between two nodes are formed by volunteers that are 

joining both projects. Colors in this figure represent one of 14 possible topic codes given to the 

projects by the research team (for example, green = Ecology & Environment, light blue = Health 

& Medicine). Shapes denote project delivery mode (offline = circles, online = squares). We 

wanted to see if volunteers were gravitating towards the same types of projects, such as projects 

all focused on the same topic (e.g., birds, space) or projects that were all online (vs. offline). We 
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found that, for the most part, these distinctions didn’t really matter. Volunteers were crossing 

disciplinary boundaries and different modes of participation, and doing both with 

regularity.  A recent paper studying project connections on a different platform (Zooniverse.org) 

found very similar results. This collective evidence suggest that most citizen scientists possess 

varied interests and are contributing to science in many different ways! 

 

Figure 4.2. Limited project connection network of digital trace data on SciStarter.org. This 

network only shows connections between projects that share 10 or more volunteers. (colors = 

project topic, shape = mode of participation). 

 

Figure 4.2 “zooms in” on the strongest connections in the digital network of projects 

(Figure 4.1, which I lovingly refer to as the hairball). This limited network shows that some 

projects appear to be more central to the network than others. Centrally located projects are more 

highly connected to other projects, meaning that their volunteers readily engage in many 

different projects. We discovered, however, that despite these apparent trends, centralization in 

the citizen science network is generally weak. Multi-project participation is prevalent throughout 

the network, and centrally located projects may simply have more volunteers than peripherally 

https://theoryandpractice.citizenscienceassociation.org/articles/10.5334/cstp.248/
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located projects. More popular projects did have two things in common, however. They 

tended to be those that SciStarter has promoted as affiliates and they were more likely to 

be featured in SciStarter campaigns. This suggests that activities of the platform can have a 

significant influence on the activities of volunteers across the broader landscape of citizen 

science projects. 

But does this digital trace data tell the whole story of volunteer participation in citizen 

science? Digital trace data captures a lot of activity on Scistarter.org, but it does not capture the 

activity of members who are not logged into their accounts, or activity that occurs off of the 

website. The second part of our research attempted to fill these gaps by using the same social 

network analysis approach. This time, however, data about citizen science project engagement 

was directly reported by the volunteer’s themselves (793 of them) via a web-survey distributed to 

SciStarter members. Figure 4.3 shows the citizen science project network that resulted from the 

self-reported data analysis, with the colors highlighting project status on SciStarter.org (white = 

posted on SciStarter, red = not posted on SciStarter, grey = unknown, for general responses we 

couldn’t match with specific projects). At least 33% of the projects volunteers listed were not 

posted on SciStarter, highlighting the limitations of relying exclusively on digital trace data to 

understand participation patterns. 

https://blog.scistarter.com/2019/08/scistarter-affiliate-tools/
https://blog.scistarter.com/featured-projects/2020/02/citizen-science-is-for-lovers/
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Figure 4.3. Project connection network formed from self-report data. Colors represent 

whether or not project is posted on SciStarter (white = on SciStarter, red = not on SciStarter, grey 

= unknown) 

 

We still see multi-project engagement in this interconnected network of self-reported 

project engagement, and volunteers continue to engage across project topics and modes of 

participation. In other words, even outside of SciStarter, these patterns persist. We did find one 

major difference though: whereas project clustering was minimal in the digital trace network, it 

was relatively common in the self-report network. This means that there are groups of projects in 

the network that are more linked to each other than to projects not in their cluster. Clustering like 
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this is often caused by groups of volunteers joining similar groups of projects. Interestingly, 

however, clusters in the self-report network were not limited to a single project topic or mode of 

participation, suggesting that other factors (perhaps project location or other volunteer 

preferences) are influencing the formation of clusters. 

We don’t yet know why clustering of projects is minimized inn the digital trace networks. 

Perhaps platforms like SciStarter bridge gaps between seemingly diverse projects and combat 

human tendencies to cluster around projects with similar attributes. Or perhaps clustering isn’t 

present in the digital network because we’re missing important aspects of volunteer engagement 

that occur off of online platforms. Our analysis of the self-reported network tells us that 

digital trace data provides a useful snapshot of engagement patterns on platforms, but it 

doesn’t tell the whole story. Anyone hoping to understand volunteer engagement should 

look beyond a single project and/or platform to get an accurate view of volunteer activity 

within the citizen science landscape. 

The takeaways from this research are exciting. Multi-project participation is already the 

norm for most citizen science volunteers, and platforms can expand the capacity for network 

expansion across different boundaries. Greater depth of participation within single projects 

seems to lead to better outcomes for science (via improved data quality) and volunteers (via 

enhanced skill development). Could greater breadth in participation across multiple diverse 

projects do the same? Future research will continue to reveal the nature and the benefits of multi-

project participation, informing best practices for platform management in citizen science and 

uncovering the next steps in citizen science research. For those of you who are looking to expand 

your citizen science horizons, the message is clear: If you come across a new an intriguing 

project that is a bit outside of your comfort zone, take a chance. You won’t be alone! There’s a 

rapidly expanding network of fellow volunteers out there with you, eager and willing to broaden 

their citizen science horizons too. 

  

https://www.pnas.org/content/116/6/1894.short?rss%3D1
https://www.tandfonline.com/doi/pdf/10.1080/21548455.2020.1719288?casa_token=LBQjA40yTHcAAAAA:nMlEQryaJV-vnBtritLy-8LtsM1PUAl2ydDL9weSwg9vN6uAS__w0EsT7uhFckaNnhIp_8RbXVixsBw
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Appendix 1. Glossary of Social Network Analysis Terms 

The glossary below is added to help guide readers unfamiliar with the social network analysis 

terms that are used in this research. 

Term Brief Definition 

Betweenness 

Centralization/Centralitya 

A type of centralization and centrality dependent on the number of 

times that a single node lies on the shortest path between other 

nodes. Networks that rely on one or a few nodes to connect 

otherwise disparate parts of the network have high betweenness 

centralization, and nodes that connect otherwise disparate parts of 

the network have high betweenness centrality.  

Centralitybc 

A measure of individual nodes’ position in the network. Nodes 

with higher centrality scores are more central to the network. Node 

“1” in Figure A1.1 has the highest centrality in this network. 

Centralizationbc 

A whole network measure that tells the extent to which 

connections in a network are centered on a small number of 

projects. This is a normalized score, with 1 indicating that all 

connections are centered on a single node (Figure A1.1) and 0 

indicating that connections are spread equally throughout the 

network (Figure A1.2). 

Clusteringb 

The extent to which projects are more densely connected in small 

groups versus being equally connected across the network. The fit 

of a clustering algorithm is measured in modularity. 

Degree 

Centralization/Centralitya 

A type of centralization and centrality dependent on the count of 

connections to a node. Networks with a few highly connected 

nodes would have high degree centralization, and nodes that are 

connected to many other nodes in the network would have high 

degree centrality. 

Densityb 

Ratio of edges present in the network to the possible number of 

edges in a network. Note that the number of possible edges 

increases exponentially with network size, so seemingly low 

densities are common for large networks. 

Edgeb The relationship(s) between actors in a network. In a graph, the 

lines that connect the nodes. 

Eigenvector 

Centralization/Centralitya 

A type of centralization and centrality dependent on the count of 

connections to a node, AND the number of connections of each of 

its neighbors. Networks with many connections between nodes 

central to the network have high eigenvector centralization, and 

nodes that are well-connected to other well-connected nodes have 

high eigenvector centrality. 
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Geodesic Distanceb 

The count of edges present between two nodes on the smallest 

connecting path between them. If the shortest distance between 

nodes A and C in a network is through a connection with B, then 

the geodesic distance between nodes A and C is 2; first a “step” 

from A to B, then a “step” from B to C. 

Homophilya 

The tendency in networks for similar nodes to be connected to 

each other, illustrative of the proverb “birds of a feather flock 

together” 

Modularityd The fit of a clustering algorithm. Considered significant at .3  

Nodeb The actors or units of interest in a network 

Transitivityb 

The ratio of triangles present in the network to the number of 

possible triangles. A triangle is formed when three nodes are 

connected by all three possible edges. 

Definitions adapted from: 
aEasley D, Kleinberg J. Networks in their surrounding contexts.  Networks, Crowds, and 

Markets: Reasoning about a Highly Connected World: Cambridge University Press; 2010. p. 85-

118. 
bHanneman RA, Riddle M. Introduction to social network methods. Riverside, CA: University of 

California, Riverside; 2005. 
c Borgatti SP, Everett M, Johnson JC. Analyzing Social Networks: SAGE Publications; 2013. 

d Clauset A, Newman MEJ, Moore C. Finding community structure in very large networks. 

Physical Review E. 2004;70(6). 

 

 

Figure A1.1. Simulated star network.  

All nodes connect to the central node “1”. This network has normalized degree centralization of 

1 and node “1” (in the center) has the highest degree centrality in the network at 7. Node size is 

proportional to degree. Figure adapted from Hanneman and Riddle (2005). 
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Figure A1.2. Simulated circle network.  

No node is more central to the network than any other node. This network has a normalized 

degree centralization of 0 and each node has an equal degree centrality of 2. Figure adapted from 

Hanneman and Riddle (2005). 
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Appendix 2. Typology of Citizen Science Project Topics.  

A typology of citizen science projects based on a project’s disciplinary topic. This typology was 

also used in Sharova (2020). 

Project Topic Description Super-Topics (for 

statistical tests) 

Exemplar Project(s) 

Anthropology Projects focused on people and the 

systems or objects that people 

make, including archaeology, 

political and cultural projects. Does 

not include health-focused, 

infrastructure-focused or 

computer/tech-focused projects. 

Behavior & Social 

Sciences 

Lingscape, 

GlobalXplorer, Anti-

Slavery Manuscripts 

Pets Projects focused on dogs, cats and 

other domestic animals. Includes 

projects on pet psychology, pet 

tracking, breed identification, etc. 

Behavior & Social 

Sciences 

Cat Tracker, MuttMix 

Project, CBarq & 

FeBARQ 

Psychology Projects related to the scientific 

discipline that deals with the mind 

and behavior, including language, 

sleep and cognitive development. 

Behavior & Social 

Sciences 

Project Implicit, The 

Online Wisdom Lab, 

Project Soothe 

Transportation 

& 

Infrastructure 

Projects related to the human 

physical and organizational 

structures and facilities (e.g. 

buildings, roads, power supplies) 

needed for the operation of a 

society or enterprise. 

Behavior & Social 

Sciences 

Open Street Mapping, 

The National Map 

Corps 

Cell & 

Molecular 

Projects related to the "micro" side 

of biology, including: genetics, 

microbiology, biochemistry, 

development, virology, studies of 

microbes (in a non-medical context) 

and cell and molecular biology. 

Earth & Life 

Sciences 

EyeWire, Foldit, 

Microscopy Masters 

Chemistry Projects related to the study of the 

substances which compose matter, 

including their properties, the ways 

Earth & Life 

Sciences 

Curating Public 

Chemistry on 

ChemSpider, 
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in which they interact, combine, 

and change, and the use of these 

processes to form new substances. 

Crystallization - a 

global experiment  

Ecology & 

Environment 

Projects that focus on wildlife 

and/or the connection between 

wildlife and the environment. 

Earth & Life 

Sciences 

iNaturalist, Candid 

Critters, Christmas 

Bird Count 

Geography Projects related to the intersection 

of human activity and the physical 

features of the earth and its 

atmosphere, including studies on 

population, resources, land use, and 

industries. 

Earth & Life 

Sciences 

Slavery from Space, 

TOMNOD 

Geology & 

Earth Science 

Projects focused on earth-based 

physical sciences. 

Earth & Life 

Sciences 

CoCoRaHS, Globe 

Observer: Clouds, 

Landslide Reporter 

Pollution Projects that are related to specific 

human effects on air, water, sound, 

soil, etc. 

Earth & Life 

Sciences 

Globe at Night, 

Sound Around Town, 

iSeeChange 

Astronomy & 

Space 

Projects focused on telescopes, 

outer space, galaxies, the solar 

system, etc. 

Engineering & 

Physical Sciences 

Mars Mapper, 

Clickworkers, Galaxy 

Zoo 

Computers & 

Technology 

Projects related to technology,  

hardware, software and computer 

programming. radios. Also includes 

distributed computing projects and 

games used to help improve 

computer algorithms. 

Engineering & 

Physical Sciences 

BOINC 

Math & 

Physics 

Projects focused on mathematics, 

numbers, graphing, non-astronomy-

focused physics and quantitative 

methods of science. 

Engineering & 

Physical Sciences 

Quantum Moves 

Health & 

Medicine 

Projects focused on human health, 

disease, well-being and medicine. 

Includes projects about human 

genetics. 

Health & Medicine Stall Catchers, 

Eterna, Flu Near You 
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Appendix 3. Troubleshooting of Exponential Random Graph Models. 

The researchers ran several iterations of the Exponential Random Graph Model presented here. 

We began by first analyzing the bipartite network (volunteers x projects) using statnet 

(Handcock et al., 2018). However, although there are recent additions of a new model terms 

facilitating models of homophily in a bipartite network (Bomiriya, Bansal, & Hunter, 2016), we 

were unable to find sufficient model terms to create a model that was a good fit for our data. The 

program PNet (Wang, Robins, & Pattison, 2009) offers more robust terms for ERGM estimation, 

but because of this robustness, is recommended for much smaller networks than ours. With these 

challenges in mind, we used statnet (Handcock et al., 2018) to run our final iteration of the model 

on the project connection network, a projection of the bipartite network mapping projects 

connected by shared volunteers. The degenerate results of this model are presented in the present 

research as an indication that homophily is not present in the network. The code for our final 

ERGM is presented below, followed by mcmc diagnostics showing degeneracy. 

 

m <- table(edgelist) 

M<- as.matrix(m) 

Mrow <- crossprod(M) # Mrow is matrix of project connections 

pnet <- as.network(Mrow, 

                  directed=FALSE) 

pnet %v% "topic2" <- as.character(act_proj$project_topic2[match(pnet %v% 

"vertex.names",                                                     

act_proj$project_name)]) 

 

pnet %v% "mode" <- as.character(act_proj$R_online[match(pnet %v% "vertex.names", 

                                                                

act_proj$project_name)]) 

pnet %v% "affiliate" <- as.character(act_proj$affiliate_code[match(pnet %v% 

"vertex.names",                                                          

act_proj$project_name)]) 

 

pnet %v% "campaign" <- as.character(act_proj$campaign_code[match(pnet %v% 

"vertex.names",                                                             

act_proj$project_name)]) 

 

list.vertex.attributes(pnet) 

p_mod2 <- as.formula(pnet ~ edges+ 

                       nodefactor("topic2") + nodematch ("topic2", diff = TRUE)+ 

                       nodefactor("mode") + nodematch("mode", diff = TRUE)+ 

                       nodefactor("affiliate")+  

     nodematch("affiliate", diff = TRUE)+ 

                       gwesp(decay = 0, fixed = FALSE, cutoff = 30)) 
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pnetmod2 <- ergm(p_mod2, control = control.ergm(seed = 12345, 

                                                MCMC.burnin = 1500, 

                                                MCMC.samplesize = 1500)) 

summary(pnetmod2) 

mcmc.diagnostics(pnetmod2) 

Figure A3.1. MCMC diagnostics for final iteration of ERGM testing homophily of project 

connections. 

  

  

  
 

This iteration was run on the projection network of projects connected by shared volunteers. The 

degeneracy in the network suggests that there is no homophily in the network, meaning that 

volunteers do not tend to exclusively join projects with matching topics, modes, or affiliate 

status. Campaign promotion status was not included in this model because of its excessive 

correlation with affiliate status. 
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