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The rapid rise of citizen science is supported by web platforms that host and/or aggregate
thousands of projects (e.g., SciStarter.org). While research on citizen science volunteers
has historically focused on single projects, emerging research suggests many volunteers
engage in multiple projects. Platforms like SciStarter enable exploration and
characterization of volunteer activity across multiple projects. To learn more about the
phenomenon of multi-project engagement, we carried out a descriptive social network
analysis using digital trace data from the SciStarter platform depicting volunteer activity
from Sept 2017- Dec 2018 on the SciStarter.org platform. During this time period, our
sample included 624 citizen science projects, and 3,650 unique volunteers that engaged in
these projects. On average, 73% of SciStarter volunteers joined multiple projects. For 94%
of projects, at least three-fourths of the volunteers joined multiple 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 spanning many diûerent
scientiûc disciplines (e.g., topics such as Health & Medicine, Ecology & Environment,
Astronomy) and modes of participation (e.g., online, oÿine). Volunteer engagement in
citizen science produced a complex network of project connections with low network
centrality, low levels of homophily and clustering, and ample evidence of boundary
spanning (e.g. based on topic or mode). The projects most central in the network, which
were also the most popular, were featured as aûliates on the website or in promotional
email campaigns. By using a network approach to analyze digital trace data, our research
illustrates the extent of multi-project, multi-disciplinary engagement on a third party
platform, laying the groundwork for researchers and platform managers to explore and
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facilitate multi-project engagement and its implications for the larger ûeld of citizen
science. 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.
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22 Abstract

23 The rapid rise of citizen science is supported by web platforms that host and/or aggregate 

24 thousands of projects (e.g., SciStarter.org).  While research on citizen science volunteers has 

25 historically focused on single projects, emerging research suggests many volunteers engage in 

26 multiple projects. Platforms like SciStarter enable exploration and characterization of volunteer 

27 activity across multiple projects. To learn more about the phenomenon of multi-project 

28 engagement, we carried out a descriptive social network analysis using digital trace data from the 

29 SciStarter platform depicting volunteer activity from Sept 2017- Dec 2018 on the SciStarter.org 

30 platform. During this time period, our sample included 624 citizen science projects, and 3,650 

31 unique volunteers that engaged in these projects. On average, 73% of SciStarter volunteers 

32 joined multiple projects. For 94% of projects, at least three-fourths of the volunteers joined 

33 multiple projects. We used these data to visualize and analyze project connection networks that 

34 form when volunteers join multiple projects. Volunteers joined an average of 2.93 projects 

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

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

37 engagement in citizen science produced a complex network of project connections with low 

38 network centrality, low levels of homophily and clustering, and ample evidence of boundary 

39 spanning (e.g. based on topic or mode). The projects most central in the network, which were 
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40 also the most popular, were featured as affiliates on the website or in promotional email 

41 campaigns. By using a network approach to analyze digital trace data, our research illustrates the 

42 extent of multi-project, multi-disciplinary engagement on a third party platform, laying the 

43 groundwork for researchers and platform managers to explore and facilitate multi-project 

44 engagement and its implications for the larger field of citizen science. Tools like social network 

45 analysis can help citizen science researchers identify pathways to deeper connections within 

46 citizen science and reveal new information about the important role that platforms play in the 

47 citizen science landscape.

48

49 Introduction

50 As a collaboration between the science community and members of the public, citizen 

51 science enables researchers to answer questions and collect data that would be difficult to answer 

52 and access with traditional research methods (e.g. Bonney et al., 2009; Chandler et al., 2017; 

53 Cooper et al., 2007; McKinley et al., 2017). Citizen science also functions as an outreach tool to 

54 accomplish educational goals (Bonney et al., 2016; Jordan, Ballard, & Phillips, 2012; Peter et al., 

55 2021; Phillips et al., 2018) and may influence volunteer behavior (e.g. Toomey & Domroese, 

56 2013; Peter, Diekötter, & Kremer, 2019). Over the past few decades, the number of citizen 

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

58 science (Jordan et al., 2015). Although citizen science research does look across multiple citizen 

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

60 Because of this, researchers are still learning about citizen scientists themselves (Peter et al., 

61 2021) and patterns of volunteer participation across different projects (Allf et al., 2022).

62 The conventional paradigm for managing citizen science volunteers is at the individual 

63 project level, focused on managing volunteers while they are in service to a particular project 

64 (Sharova, 2020). Additionally, most investigations of the practice of citizen science have 

65 generally focused on single projects, with a few notable exceptions that examined volunteer 

66 activity patterns across multiple projects on an online platform (Allf et al., 2022; Herodotou et 

67 al., 2020; Ponciano & Pereira, 2019). Compared to individual project-based management, 

68 platform-based management is more volunteer-centric, focused on managing volunteers 

69 holistically and beyond the bounds of a single project (Allf et al., 2022). And, although many 

70 citizen science projects operate in isolation (Bonney et al., 2014), many volunteers are already 

71 engaging in multiple projects (Allf et al., 2022; Hoffman et al., 2017; Ponciano & Pereira, 2019), 

72 a behavior that is associated with increased durations of engagement with citizen science 

73 compared to single-project volunteers (Ponciano & Pereira, 2019). Platform-based research 

74 therefore provides the landscape-level view needed to generate broader insights into the 

75 volunteer experience as well as the potential for coordinating the management of volunteers.  

76 With widespread availability of information and community-oriented technologies, such 

77 as Web 2.0 and smartphones, the operation of modern citizen science projects requires a 

78 sufficient amount of digital infrastructure (Brenton er al, 2018). Web and phone application 

79 (app) platforms provide many citizen science projects with the necessary digital infrastructure for 
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80 obtaining data from volunteers as well as managing the subsequent databases. Platforms that 

81 support project capacity in these ways include Citsci.org, Zooniverse.org, Anecdata, 

82 iNaturalist.org, and more. Thus, the landscape of citizen science includes projects using custom-

83 created digital infrastructure as well as the shared infrastructure of various platforms and apps. 

84 Some prior studies have examined volunteers engaged in different projects across shared 

85 infrastructure of a platform (Herodotou, et al. 2022). The use of application programming 

86 interfaces (APIs) allows the secure transfer of user information between platforms and apps. 

87 SciStarter.org is a web platform structured as a searchable clearinghouse of citizen science 

88 projects, the majority of which operate with their own infrastructure or with the infrastructure of 

89 platform or app. SciStarter members navigate from SciStarter to the projects they choose to join. 

90 In addition, some citizen science projects use the SciStarter API to share information about the 

91 activity of SciStarter members in their projects. Thus, digital trace data from SciStarter contains 

92 information about volunteer engagement across a broad range of thousands of projects, 

93 irrespective of their source infrastructure.

94 Although online platforms already play an important role in the citizen science landscape, 

95 researchers are still defining what this role is, how it can be assessed, and how volunteers benefit 

96 from participating in citizen science through online platforms (Herodotou, et al. 2022). Our 

97 research seeks to understand the role platforms play by mapping and analyzing multi-project 

98 engagement on one platform, SciStarter.org. First, we mapped the landscape of projects 

99 connected by shared volunteers to visualize multi-project engagement on the website. Next, we 

100 assessed the attributes of projects within this landscape to understand how volunteer behavior 

101 differs between projects with different attributes across the entire SciStarter platform.

102 Social Network Analysis: A Tool for Exploring Project Connections. As with many online 

103 platforms, volunteer activity on SciStarter is measured through digital trace data, which is a 

104 digital record of the activity on the website. These data allow managers and researchers to map 

105 users� activity patterns over time. Using tools such as social network analysis, researchers can 

106 visualize and analyze the resulting network of engagement across projects within the large 

107 SciStarter.org repository. Social network analysis (SNA) is a research paradigm that allows for 

108 formalization and characterization of social units within a larger network (Borgatti et al., 2009; 

109 Wasserman & Faust, 1994). A short glossary of SNA terms relevant to this research is included 

110 in S1 Appendix. SNA has been used to examine connections and interactions among citizen 

111 science volunteers, but often within the context of a specific project (Amarasinghe et al., 2021). 

112 Few studies have examined volunteer networks across multiple projects (Herodotou et al., 2020).

113 Social networks are made up of actors (nodes) and the relationships between them 

114 (edges). In one-mode networks, all nodes in the network are of the same category; for example, 

115 families connected by marriage (Padgett, 1994). In two-mode networks, also called bipartite 

116 networks, nodes are of two different categories; for example, parties and the people who attend 

117 them (Davis et al., 1941; Freeman, 2003) or, in the current case, citizen science projects and the 

118 volunteers who join them. Bipartite networks can also be projected into one-mode networks 

119 (Herodotou et al., 2020; Pettey et al., 2016; Sankar et al., 2015) that, with thoughtful 
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120 interpretation (Opsahl, 2013), can offer insights into patterns of co-incidence in a large network 

121 (Pettey et al., 2016). For example, in the citizen science landscape, we can project the bipartite 

122 network of project and volunteer connections into a network to show the project connections 

123 formed when a volunteer joins multiple projects. Descriptive analysis of this network can reveal 

124 what characteristics unite the different projects that a volunteer joins. Researchers can test for 

125 homophily (similar projects connected to each other) and clustering (distinct groups of 

126 interconnected projects) to determine if volunteers tend to join similar groups of projects. 

127 Researchers can also test for centrality to determine what projects are the most connected and 

128 show the most multi-project engagement. Exploring connections between projects is a critical 

129 new direction in citizen science research, where multi-project engagement by volunteers is 

130 already happening but is poorly understood (Allf et al., 2022; Herodotou et al., 2020; Hoffman et 

131 al., 2017).

132 Attributes that Might Influence Project Connections. When volunteers view projects on a 

133 platform, they may be attracted to intrinsic attributes of the project, such as the scientific topic of 

134 the project or the process for participating. Additionally, they may be affected by extrinsic 

135 attributes of the project, such as how the project is featured on the online platform. We were 

136 interested in the influence of intrinsic and extrinsic project attributes on volunteer activity across 

137 the platform. 

138 We investigated two types of intrinsic project attributes (topic, mode) and two types of 

139 extrinsic project attributes (affiliate status, campaign feature status) to determine how volunteers 

140 are currently engaging with projects across and within attributes. Topic refers to the scientific 

141 discipline of the project. Projects on platforms such as SciStarter.org and Zooniverse.org are 

142 commonly grouped by topic or scientific disciplines, which might include themes such as the 

143 environment, public health, and astronomy. Other typologies of citizen projects often focus on 

144 methods of participation, although the specific words used to describe these different methods 

145 may vary. For instance, Parrish et al. (2018) refers to the division as �hands-on� and �virtual,� 

146 and Sharova (2020) refers to �outdoor� and �indoor� projects. In the current research, we chose 

147 online versus offline to reflect the online status of SciStarter.org.  Topic and mode are attributes 

148 intrinsic to the project and are not manipulated by the SciStarter Platform. Alternatively, project 

149 affiliate status and campaign feature status refer to the statuses given to projects by the SciStarter 

150 platform and are thus extrinsic to the projects. Affiliate projects on SciStarter.org share data 

151 contribution information with SciStarter and in return are marked with an icon indicating their 

152 status as affiliates. A project�s campaign feature status is a result of whether it has been featured 

153 in an email campaign to SciStarter members. Collectively, these intrinsic and extrinsic attributes 

154 could influence overlap of volunteers across the larger citizen science landscape.

155 Research Objectives. The first objective in our exploratory study was to describe the structure 

156 of the project connection network from a snapshot in time on Scistarter.org (Obj. 1). We aimed 

157 to describe network structure by whole network measures, such as clustering and centralization, 

158 and the node-level measures of centrality (definitions provided in S1 Appendix). For our second 

159 objective, we were interested in quantifying the patterns of participation within and across 
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160 project attribute groups to determine if homophily is present in the network and if intrinsic 

161 (topic, mode) and extrinsic (affiliate status, campaign status) project attributes influence 

162 volunteer overlap among different projects (i.e., multi-project participation; Obj 2). Our third and 

163 final objective was to discover the projects central to the network, as these central projects may 

164 be important stakeholders in the citizen science landscape because their volunteers are likely to 

165 be highly involved across projects. We explored project centrality in two ways: first determining 

166 which projects are central to the projection network (Obj. 3a) and then examining project 

167 attributes associated with centrality (Obj. 3b). By addressing these objectives, we sought to 

168 describe and map the patterns of multi-project participation on SciStarter.org, building important 

169 foundational knowledge about the current state of multi-project participation in citizen science.

170

171 Materials & Methods

172

173 SciStarter website. SciStarter.org hosts a web platform and database of thousands of citizen 

174 science projects that provides volunteers with a wide choice of projects and creates opportunities 

175 for volunteer-centric management. At the time of data collection, SciStarter managed a database 

176 of user-generated content about each citizen science project, a Project Finder application that 

177 provided advanced functionality for searching for projects, and a syndicated blog to promote 

178 citizen science projects, often facilitating volunteer connections to and participation in multiple 

179 projects (Allf, et al., 2022). The Project Finder application allowed interested volunteers to 

180 search for projects by various tags including keyword, topic (scientific discipline), mode of 

181 participation (�exclusively online�, �on a lunch break�, �at school�, etc.), location, and target age 

182 group. Volunteers can become SciStarter members by creating a free account, and making a user 

183 profile in which they click projects to �join.� These are saved, thus allowing for tracking of 

184 engagement in projects within or separate from the SciStarter web platform.  

185 All projects on the site have a project page that shares information about the project and 

186 how to participate. Project pages are searchable through the project finder tool. However, not all 

187 projects on the SciStarter website are presented in the same way. Some projects are highlighted 

188 because they are SciStarter �affiliates�, which means that they use SciStarter�s API to share 

189 information about the frequency of volunteers� data contributions to their project. This is then 

190 displayed on the volunteer�s profile on SciStarter. These affiliate projects are marked with an 

191 icon in the search results and on the project page and appear first in search queries. Another way 

192 that members find projects is through monthly emails that feature certain projects that fit the 

193 theme of that month�s campaign. For instance, an email in October might feature projects that 

194 align with a Halloween theme, such as projects about bats or spiders. These differences in how 

195 projects are viewed or appear on the website could affect volunteer choices of projects, and thus 

196 the project�s position in the larger project connection network.

197 Defining project attributes. As noted, we wanted to learn more about how project differences 

198 may affect their network position, and so we collected information related to four project 

199 attributes: topic, mode of participation, SciStarter affiliation status, and campaign feature status. 
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200 To code project topics (topic), we applied the typology of 14 project topics (S2 Appendix) used 

201 in Allf et al. (2022) and Sharova (2020). Postings that were determined to not be citizen science 

202 projects, including postings for tools (such as spectrometers) and postings for other citizen 

203 science platforms (such as for the website CitSci.org), were dropped from the sample. In some 

204 analyses, we grouped project topics into four larger groups (super-topics) so that we could more 

205 clearly test differences between these larger disciplines: Earth & Life Sciences, Behavior & 

206 Social Sciences, Engineering & Physical Sciences, and Health & Medicine. The compositions of 

207 these super-topics are also shared in S2 Appendix.

208 Mode of participation (mode) was coded by the authors using expert review with the 

209 following definitions. Offline projects are projects where the primary mode of data collection is 

210 offline. Projects in which data collection is offline but submitted through an online platform (e.g. 

211 iNaturalist) are considered offline projects. Online projects are projects where the primary mode 

212 of data collection or classification is online (e.g. Stall Catchers). For both topic and mode 

213 classification, we used project descriptions available on SciStarter.org. Additional information 

214 from project websites was used if needed. Projects with no further information and three or fewer 

215 instances of engagement (joins or bookmarks) during the year of data collection were excluded 

216 from the sample. 

217 We coded a project�s affiliate status and campaign feature status using records from 

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

219 levels based on when the project became an affiliate or when it was featured in monthly email 

220 campaigns. Affiliate status was separated into three groups: (1) projects that were never a 

221 SciStarter affiliate (Not Affiliate), (2) projects that became an affiliate sometime during the data 

222 collection period (Part-time Affiliate), and (3) projects that were an affiliate throughout the entire 

223 data collection period (Full-time Affiliate). A project�s campaign feature status tells us when that 

224 project was featured in one of the monthly emails that go out to volunteers. The campaign 

225 feature status was separated into four categories: (1) projects that were never featured in a 

226 SciStarter promotional campaign, (2) projects featured only before data collection, (3) projects 

227 featured only during data collection, and (4) projects featured in promotional campaigns both 

228 before and during data collection.

229 SciStarter digital trace data. Digital trace data for this research was extracted from 

230 SciStarter.org (existed as SciStarter.com at the time data collection was initiated). On Dec 6th, 

231 2018, our research team received anonymized digital trace data of SciStarter members� activity 

232 on the website between Sept 19th, 2017 and Dec 3rd, 2018. Sept 19th, 2017 marked the launch 

233 of SciStarter 2.0 (Hoffman et al., 2017), which introduced the added functionality of member 

234 accounts, dashboards, and profile pages. Use of these secondary data was approved by the NC 

235 State University Institutional Review Board (IRB Protocol # 20934) prior to analysis. There was 

236 very little demographic data included, as we only had access to what volunteers willingly entered 

237 into their volunteer profile; 6.87% of volunteers provided their birth year, and 6.25% provided a 

238 gender. Consequently, we were unable to investigate associations between volunteer 
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239 demographic characteristics and multi-project participation in this analysis, though that remains 

240 an important direction for future research.

241 At the time of data collection, volunteers could click buttons to either �join� or �bookmark� 

242 projects of interest on the SciStarter website (Fig 1). Additionally, volunteers could check a box 

243 to indicate that they had previously joined a project. Clicking �join� sent the volunteer to the 

244 project�s website (unless that project was exclusively hosted on SciStarter), and it automatically 

245 added the project to a list of joined projects on a volunteer�s profile. Thus, the join function in 

246 SciStater could be considered �conversion� (Crall et al., 2017), or an expression of interest in 

247 joining a project. Clicking �bookmark� added the project to a list of bookmarked projects on the 

248 volunteers� profile. Volunteer activities like �joins� and �bookmarks� were recorded in the 

249 digital trace data, along with an anonymized participant ID number. 

250 As noted, some citizen science projects are affiliates that are directly hosted on the SciStarter 

251 website or use SciStarter�s API. Because of this, we were able to track individual contributions 

252 to these affiliate projects � a deeper level of project engagement than we could track in non-

253 affiliate projects. However, because a record of data contributions was only available for 30 of 

254 the 624 projects that were active during data collection, we used volunteers selecting the �join 

255 project� button as an indication of volunteers� behavioral intent to join a project and a proxy for 

256 project engagement (Ajzen, 1991) rather than data contributions. Analysis of the data 

257 contributions showed that �joining� a project is a better predictor of subsequent contributions 

258 than �bookmarking� a project; we were able to confirm that at least 30% of volunteers who 

259 clicked �join� on an affiliate project later contributed to that project, while only 10% of 

260 volunteers who clicked �bookmark� ended up contributing.

261

262  Data analysis. We conducted analyses in R (R Core Team, 2019) using RStudio (RStudio 

263 Team, 2016) and in SPSS (IBM Corp, 2017). We used social network analysis to better 

264 understand the relationships between projects connected by shared volunteers, which reveal 

265 volunteers� patterns of engagement across the citizen science landscape. To get deeper insight 

266 into project connectivity across this landscape (Obj. 1), we used the R packages igraph (Csardi & 

267 Nepusz, 2006) and sna (Butts, 2019) to create a one-mode projection of citizen science projects 

268 (nodes) connected by shared volunteers (edges), with weighted connections in proportion to the 

269 number of volunteers that two projects share. Whole network descriptive statistics such as 

270 component analysis, clustering, and centralization revealed the structure of the network 

271 (definitions provided in S1 Appendix).

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

273 network. Homophily is the tendency in networks for similar nodes to be connected to each other. 

274 We test for homophily to determine if volunteers tend to join projects with similar attributes, 

275 such as the same topic or method of participation (Obj, 2). ERGM is an approach to data analysis 

276 that allows researchers to statistically test the impact of connectedness and project attributes on 

277 how volunteers move among projects. We used the ergm R package (Handcock et al., 2018; 

278 Hunter et al., 2008) to develop a predictive model that allowed for link prediction, predicting 
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279 which projects would be connected in the future, based on node attributes (Robins et al., 2007; 

280 van der Pol, 2019). We followed this with a Chi-square analysis of connections between projects 

281 of varying attributes to determine if observed instances of connection differed from what would 

282 be expected in a random distribution. This demonstrates whether certain attributes are more or 

283 less connected than would be expected in a random network.

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

285 the centrality of the nodes in the project connection network. Using degree centrality (the 

286 number of connections from one project to other project nodes) as the dependent variable, we 

287 used a negative binomial regression analysis to explore how project attributes influenced project 

288 centrality (Obj. 3b). We chose a negative binomial regression for this analysis because the data 

289 were over-dispersed, with the variance exceeding the mean (Hilbe, 2011). 

290

291 Results

292 Dataset description and description of project-based network projection. During the period 

293 of data collection, 3,650 SciStarter members joined 624 projects, resulting in 9,678 instances of 

294 project joins. The 624 projects spanned all project attributes, representing 14 different topics 

295 (scientific disciplines). The breakdowns of the attributes are shown in Table 1.

296 In 98.4% of these projects, at least one volunteer also joined other projects and, in 93.9% 

297 of projects, at least three-fourths of the volunteers joined other projects. The 624 projects had an 

298 average of 17.1 volunteers, with a minimum of 1 and a maximum of 480 volunteers (note that 

299 these numbers do not represent the total number of volunteers within a given project but only 

300 those with SciStarter accounts).  The distribution of projects was skewed, however, as 476 

301 projects had 10 or fewer volunteers (Fig. 2). The digital trace data showed that volunteers joined 

302 an average of 2.9 projects, with a median of two joins, minimum of 1 and maximum of 34 

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

304 more projects. These patterns align with self-reported participation among SciStarter members 

305 (Allf et al., 2022).

306 The project connection projection network (hereafter project network) shows 

307 relationships among the various citizen science projects on SciStarter (Fig. 3). In this network, 

308 the nodes represent the 624 projects, and an edge between two nodes represents the connection 

309 made when one or more volunteers joins both projects. Node color represents project topic, and 

310 node shape represents project mode. Only 10 of the projects in the project network are isolates, 

311 meaning that they are not connected to any other projects. The remaining 614 projects (98.34% 

312 of all projects) share volunteers with at least one other citizen science project. The 614 project 

313 nodes make up one connected component. The longest geodesic distance between any two 

314 projects is 7, meaning that there is a maximum of 7 edges, or different links representing shared 

315 volunteers, between projects. A modularity-optimization-based cluster analysis (Blondel et al., 

316 2008) did not reveal significant clustering in the network. Clauset, Newman, & Moore (2004) 

317 suggests the result of such an analysis be at least 0.3 to indicate clustering, the present network 
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318 has a modularity of 0.2, meaning that we are not able to detect distinct communities of densely 

319 connected nodes.

320 Table 2 displays descriptive statistics for the connected component in the project 

321 network. These descriptive statistics again highlight the high interconnectedness of the network. 

322 In particular, the relatively high transitivity compared to the density (S1 Appendix) emphasizes 

323 the interconnectedness at the center of the network.

324

325 Exponential random graph modeling. We used exponential random graph modeling (ERGM) 

326 to determine if links in the network could be predicted using project attributes. We aimed to 

327 determine if projects with similar attributes (topic, mode, affiliate status, and campaign feature) 

328 were more likely to share volunteers, which would result in homophily in the network. Neither 

329 the original bipartite (two-mode) nor the projection (project-mode alone) network produced a 

330 non-degenerate model (see S3 Appendix for a more in-depth explanation). The persistent 

331 degeneracy of the models suggests a lack of statistically significant homophily in the network, 

332 meaning either that volunteers are regularly joining projects across different attributes, or that 

333 volunteer behavior cannot be reliably predicted based on the project attributes investigated in this 

334 study (topic, mode, affiliate status, and campaign feature). 

335

336 Chi-square analysis of distribution of direct connections. To dig deeper into the patterns of 

337 connections across and within different groups of attributes, we calculated the number of 

338 connections between projects with different attributes (e.g., connections between online and 

339 offline projects). Connections throughout the network mean that the two connected projects 

340 share at least one volunteer. For this analysis, we compared the observed percentage of 

341 connections between each attribute type with what would be expected in a random distribution of 

342 connections. Table 3 shows the differences in observed connections (two projects sharing at least 

343 one volunteer) between each type of attribute compared to what would be expected in a random 

344 distribution based on the number of projects in each attribute group.

345 Chi-square analyses revealed that the observed percentages differ from what would be 

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

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

348 = 59.03, p < .001, and campaign feature status, X2 (9, N = 19,365) = 84.67, p < .001. This 

349 suggests that, although there is no statistically significant homophily at a whole network level 

350 (the tendency for similar projects to be connected to one another) there are patterns of connection 

351 between projects when looking attribute by attribute. For instance, online projects are connected 

352 to other online projects 24% percent more, on average, than what would be expected in a random 

353 distribution (Table 3). Negative percentages in Table 3 indicate fewer connections than would be 

354 expected in a random distribution. For the intrinsic attributes of project topic and project mode, 

355 we see that, in general, project connections between two projects with matching topics or 

356 matching modes are proportionately more likely than connections between projects with 

357 different topics or modes, with the exception of Earth & Life Sciences (likely because many 

PeerJ reviewing PDF | (2022:11:79444:0:0:NEW 18 Nov 2022)

Manuscript to be reviewed



358 SciStarter project were offline Earth & Life Science projects with minimal connections to other 

359 projects). When looking at the matrices for the extrinsic attributes (affiliate status and campaign 

360 feature status), however, we see a different pattern. The largest positive numbers (i.e., 

361 connections) were associated with projects that had Full-time Affiliate status or those that were 

362 featured in campaigns Before and During Data Collection. In addition to these patterns, we 

363 continue to see connections across all attributes, underscoring the high level of boundary 

364 spanning (based on discipline, mode, etc.) seen in the project network.

365

366 Centralization and centrality in the project network. We analyzed the centralization and 

367 centrality of the large component of the project network (see Fig 2), excluding the ten isolate 

368 projects, to see if certain projects were more prominent nodes of connectivity than others. We 

369 first analyzed the centralization across the large component (network without isolates). These 

370 scores are normalized measures - the closer they are to 1, the more centrality is present around 

371 one node (S1 Appendix). The degree centralization for the project network was 0.43, 

372 demonstrating that degree centrality is not centered on only a few projects, and that many 

373 projects are well-connected in the network. Betweenness centralization in the project network 

374 was only 0.08, suggesting that most projects play an equal role in connecting other projects. This 

375 supports the lack of clustering we found, suggesting there are not disparate groups of projects in 

376 the network. The project network presented high eigenvector centrality at 0.84, meaning that a 

377 few highly connected projects are well connected to each other. Figure 4 highlights the strongest 

378 connections in the network, showing only edges with 10 or more shared volunteers. This network 

379 illustrates the high interconnectedness, and high degree of boundary spanning based on topic and 

380 mode, at the center of the network.

381 The most connected projects in this network were also the most popular projects. We 

382 found a significant correlation, r(624) = .87, p < .001, between project popularity, as measured 

383 by the number of volunteers that joined a project, and project degree centrality, as measured by 

384 the number of projects to which a project is directly connected (Fig. 5). In projects with 10 or 

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

386 engagement is prevalent throughout the network, and especially common within these popular 

387 projects. This suggests that it is rare for a project to be both popular and isolated from the 

388 volunteers of other projects.

389

390 Project attributes associated with project centrality. We ran a negative binomial regression 

391 model to determine the influence of project topic, mode, affiliate status, and campaign promotion 

392 status on the degree centrality of projects in the network. Degree centrality, the dependent 

393 variable in this model, reflects the count of connections between a project and other project 

394 nodes in the network (i.e., projects with more connections to other projects had higher degree 

395 centrality). All attributes were significant in predicting degree centrality (Table 4). Online 

396 projects were more connected to other projects than offline projects (B = -.788, p < .001). 

397 Among the project topics, Health & Medicine focused projects were more connected than Earth 
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398 & Life Science projects (B = -.705, p < .001) or Engineering & Physical Sciences projects (B = -

399 0.858, p < .001). Full-time Affiliates were more connected than projects that were Not an 

400 Affiliate (B = -1.193, p < .001), but there was no significant difference based on when the project 

401 became an affiliate (Fullt-time versus Part-time). Projects featured in campaigns were also more 

402 connected, with projects featured both Before and During data collection associated with more 

403 volunteer connections than projects only Featured Before data collection (B = -.570, p = .003) 

404 and projects only featured During data collection (B = -.540, p = .017). Degree centrality was 

405 lowest among projects Never Featured in a SciStarter campaign (B = -.949, p < .001).

406

407 Discussion

408            Using a social network analysis with digital trace data from the SciStarter platform, our 

409 study explored the degree to which projects are connected by shared volunteers and the key role 

410 that third-party platforms can play in the citizen science landscape. Our results support recent 

411 studies showing that citizen science volunteers engage across multiple projects (Allf et al., 2022; 

412 Herodotou et al., 2020; Hoffman et al., 2017; Ponciano & Pereira, 2019). In 94% of projects, 

413 three-fourths of the volunteers joined other projects. Volunteers on SciStarter joined more than 

414 two projects on average, and 73% of volunteers joined 2 or more projects.

415 The phenomenon of multi-project engagement in citizen science is important to consider 

416 for the sake of both the volunteer experience and project management. Previous research on 

417 platforms has shown that volunteers engaging with multiple projects tend to stay on platforms 

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

419 Longer engagement with a platform could indicate more prolonged engagement with citizen 

420 science as a whole. This multi-project engagement presents more opportunities for volunteers to 

421 build skills across projects and advance learning outcomes (Phillips et al., 2018; Peter et al. 

422 2019). Platforms also benefit project managers, providing cyber-infrastructure, access to 

423 volunteers, and a chance for collaborative learning to advance best practices across projects 

424 (Newman et al., 2012). For example, research suggests that third-party �enabler� organizations - 

425 whether in-person institutions or online platforms - can strengthen volunteer engagement with 

426 science in multiple forms (Salmon et al., 2021). Given the potential benefits of multi-project 

427 engagement, it is important to understand how projects are connected by shared volunteers.

428 Our projection depicting the network of citizen science projects connected by shared 

429 volunteers is an interconnected network with one large component. This network presented 

430 minimal clustering and homophily, meaning that at a whole network level, similar projects are 

431 not predictably sharing volunteers, and there are not clear groups of projects that all share the 

432 same volunteers.  It appears that citizen science volunteers are open to exploring new project 

433 types and often cross over to participate in projects with different attributes such as topic, mode, 

434 affiliate status, and campaign feature status, opening the opportunity for transdisciplinary citizen 

435 science (Spasiano, et al., 2021). A cluster analysis on a similar dataset from the citizen science 

436 platform Zooniverse also found minimal evidence for clustering (Herodotou et al., 2020), 
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437 suggesting that the lack of clustering among projects may be a common trait shared by many 

438 citizen science platforms.

439 Looking more closely at this intermixing, we do see some patterns of participation 

440 emerge on an individual attribute level (Table 3). For the intrinsic attributes of project topic and 

441 project mode, we see that project connections between two projects with matching topics or 

442 modes are proportionally more likely than connections between projects with different topics or 

443 modes. So, there is a slight tendency for volunteers to join multiple projects within the same 

444 general topic or mode of projects, but only within intrinsic attributes (topic and mode) at the 

445 individual attribute level. When looking at the whole network, this tendency fades away. More 

446 research is needed to investigate the strength of these patterns when multiple attributes are 

447 considered.

448 A different pattern emerges for the extrinsic attributes: affiliate status and campaign 

449 feature status. For all extrinsic attribute levels, the proportionally most likely connections are 

450 with projects that hold Full-time Affiliate status, or projects that were featured in campaigns 

451 Before and During Data Collection. We were not able to look into whether there was a causal 

452 relationship between connections and project features as part of this research. The high 

453 connectivity of featured projects may underscore the influence that platforms can have on multi-

454 project engagement, potentially helping volunteers discover and connect with new types of 

455 science. However, it is also possible that SciStarter may only promote particularly popular 

456 projects. Future research should explore the patterns of participation as well as any causal 

457 relationships more.

458 The significant correlation between centrality and popularity (based on number of joins) 

459 showed that popular projects were central to the SciStarter network, and the skewed distribution 

460 of joins revealed that a few projects were responsible for most of the activity on SciStarter. High 

461 eigenvector centrality and high clustering coefficients compared to density measures also 

462 demonstrate that these central, popular projects were highly connected to each other. Regression 

463 results suggested that the centrality of these projects was in part due to their topic (health and 

464 medicine projects were most popular) and mode (online projects were popular). Project 

465 popularity was also linked to SciStarter featuring these projects as affiliates and in email 

466 campaigns. Projects that are featured by SciStarter in these ways received higher numbers of 

467 joins than projects that are not featured. Again, in this study we were not able to investigate 

468 whether project features led to popularity or popularity led to a project being featured. A more 

469 advanced understanding of what makes projects popular could address the �nibble and drop� 

470 problem in citizen science (Fischer, Cho, & Storksdieck, 2021). Additionally, since the 

471 collection of the data in this study, SciStarter has implemented an intelligent recommendation 

472 tool that recommends projects volunteers might be interested in based on past data, which has led 

473 to increased participation among volunteers shown these recommendations (Zaken, et al., 2021). 

474 Future research could explore the patterns of participation resulting from the new 

475 recommendation tool to learn more about the influence of third-party suggestions and features.
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476 The interconnected network on SciStarter and the suggested influence of platform 

477 activity on project popularity demonstrates the role that platforms play in the citizen science 

478 landscape. Many of the projects connected by shared volunteers in this network are not featured 

479 together in any location other than the SciStarter website. By sharing the cyber-infrastructure, 

480 volunteer recruitment efforts, and volunteers themselves, platforms like SciStarter not only serve 

481 as �enabler� organizations (Salmon et al., 2021) but also foster shared management practices that 

482 allow for conservation of resources, including the resource of volunteer energy and 

483 maximization of scientific and volunteer outcomes (Brudney & Meijs, 2009; Newman et al., 

484 2012; Sharova, 2020). By acknowledging and encouraging the boundary-spanning engagement 

485 revealed by our social network analysis, project and platform managers can effectively leverage 

486 the phenomenon of multi-project participation in citizen science, potentially extending the 

487 impacts of citizen science in society (Lynch-O�Brien, et al., 2021; McKinley et al., 2017).

488 From a project management perspective, our results suggest less of a need for 

489 competition among project leaders to recruit from a scarce pool of potential volunteers; rather 

490 there is evidence for abundant opportunities for coordinating the management of volunteers 

491 across projects in a more collectivist manner. This may be welcome news to the broader field of 

492 citizen science, which is currently struggling with recruitment challenges (Allf, et al., 2022; 

493 Fischer, Cho, & Storksdieck, 2021). Just as a project brings together volunteers for a shared goal, 

494 platforms such as SciStarter can bring together projects and overlapping volunteers for goals that 

495 span individual projects, such as supporting volunteer learning or building social capital. 

496 Additionally, managers who set project spanning goals could seek to facilitate retention of 

497 volunteers within the citizen science field, as coordination among projects could allow for 

498 differing designs that respond to volunteers� shifting motivations over time (Aristeidou, Scanlon, 

499 & Sharples, 2017; Larson et al., 2020).

500 Limitations. Digital trace data is a helpful source of information, but it is �found� data, in that it 

501 was not created for this study and is thus not expressly matched to the intent of the study 

502 (Howison, Wiggins, & Crowston, 2011). As such, there are several limitations that should be 

503 acknowledged. We only had access to data from SciStarter members, which excluded the activity 

504 of an unknown number of volunteers that use the SciStarter website without a membership. 

505 Restriction to SciStarter members means that we excluded volunteers engaged in projects outside 

506 the SciStarter infrastructure, who represent the majority of volunteers in a given project. For 

507 example, large projects such as iNaturalist have thousands of volunteers, only a small portion of 

508 whom are also SciStarter members (our study only captured activity for 182 iNaturalist 

509 volunteers). Because we were limited to monitoring activity on the SciStarter website, our best 

510 measure of project engagement came through the use of the �join� button on SciStarter. Joining a 

511 project in this way does indicate behavioral intention to engage with a project, and behavioral 

512 pledges are associated with actual behavior in other contexts (Costa, Schaffner, & Prevost, 2018; 

513 Katzev & Wang, 1994). Thus, project joins could be considered a reliable path to conversion and 

514 ultimate participation (Crall et al., 2017). Nevertheless, for the majority of projects on SciStarter, 

515 we have no record of volunteers� data contributions after they clicked the join button. Within the 
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516 present digital trace data, we see that about 30% of joins in SciStarter lead to project 

517 contributions. This estimate may be low, as volunteers would have to be logged in through 

518 SciStarter for their contributions to be accurately recorded. However, across other citizen science 

519 projects, a significant portion of active participants do not contribute data on a regular basis, 

520 confounding efforts to estimate participation rates (Cooper, et al, 2017; Fischer, Cho, & 

521 Storksdieck, 2021). Given these challenges, using �joins� as a proxy for project engagement 

522 remains among the best options available.

523 We also have little data on volunteer demographics, as we only have access to what 

524 volunteers provided in their SciStarter profiles (most of which were incomplete). This prevented 

525 us from exploring demographic attributes in the bipartite network and from associating certain 

526 demographic information with the behaviors observed in the data. Other studies have 

527 demonstrated that, within single projects, information sharing within social networks varies 

528 based on the type of people participating (e.g., volunteers vs. moderators vs. scientists), 

529 underscoring the importance of accounting for heterogeneity across networks (Amarasinghe et 

530 al., 2021). Also of note, data for this project were collected from 2017-2018. Since this time, 

531 SciStarter has migrated to a new url (from .com to .org) and has expanded considerably, in terms 

532 of number of the registered users and projects, as well as platform capabilities. As of July 2022, 

533 SciStarter.org had approximately 135,000 members, growing from around 51,000 members in 

534 December 2018. Additionally, SciStarter.org has several new features that may influence the 

535 connections among projects, including AI-generated project recommendations(Zaken, et al., 

536 2021; Zaken, et al., 2022), new microsites customized to feature combinations of citizen science 

537 projects for school systems or companies, and a feature called Lists which is free functionality to 

538 create a page with citizen science projects of one�s choosing, add personalized instructions, and 

539 access analytics to track progress of those accessing the page, such as for teachers to create 

540 assignments for their students and monitor their progress. SciStarter also updated the 

541 functionality to verify project joins and track more volunteer contributions among the rapidly 

542 growing number of affiliate projects. Patterns observed and described in our current social 

543 network analysis might therefore be expanded with the digital trace data from over 100,000 

544 current SciStarter members. Lessons learned from these approaches, and similar analyses applied 

545 to other third party platforms (Herodotou, et al., 2020), could shed more light on the nature of 

546 multi-project, multi-disciplinary project participation across the broader citizen science 

547 landscape.

548

549

550 Conclusions

551 Although research is beginning to reveal the prevalence of multi-project participation 

552 among citizen science volunteers (Hoffman et al., 2017; Ponciano & Pereira, 2019; Allf et al., 

553 2022), our study is among the first, along with Herodotou et al.'s (2020) study of project 

554 connections on Zooniverse.org, to use social network analysis techniques to describe connections 

555 of projects within the larger citizen science landscape. Unlike Herodotou et al�s (2020) study, our 
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556 research is the first, to our knowledge, to use SNA to explore project connections across multiple 

557 apps, organizations, and platforms (via SciStarter), including numerous offline projects, 

558 simultaneously. These social network analyses based on digital trace data show that an 

559 interconnected landscape of citizen science projects exists, and that volunteers are active 

560 throughout it. Our work also demonstrates that online platforms can facilitate and influence 

561 connectivity and shared management of volunteers across the network of projects by strategically 

562 featuring and promoting certain groups of projects.

563 Future research could investigate the citizen science project connection network using 

564 data that accounts for a deeper level of engagement (beyond project �joins�). This might include 

565 self-reports of project engagement or digital trace data that includes project contributions. 

566 Additionally, other project attributes, such as location or type of engagement (contributory style, 

567 co-created, etc.; Shirk et al., 2012) could reveal additional influences on project popularity and 

568 centrality that influence volunteer recruitment and movement among projects. Research that is 

569 able to incorporate volunteer demographics would reveal who is currently engaging with online 

570 citizen science platforms (and who isn�t) and should be conducted to guide future project design 

571 and outreach efforts (Allf et al., 2022; Pateman, et al., 2021).

572 Additional research and practice could also incorporate the temporal component of 

573 citizen science project engagement, investigating the existence of �gateway� projects, or 

574 volunteers� first projects that lead them into the world of multi-project engagement. Longitudinal 

575 research could also analyze individual learning trajectories to understand what multi-project 

576 engagement means in terms of sustained engagement with citizen science, skill development 

577 over time, and broadening connections to science (Ponciano & Pereira, 2019; Stylinski et al., 

578 2020). In this vein, SciStarter has developed organization-specific portals that offer select 

579 projects that could guide citizen scientists along project pathways and emphasize particular 

580 learning outcomes (see the page built for Girl Scouts at https://scistarter.com/girlscouts/info). 

581 Experimental manipulation of platform management strategies (e.g., systematic selection of 

582 projects for campaigns, targeted features of selected projects in thematic portals) could reveal 

583 causal pathways that help to better explain volunteer recruitment and retention and create new 

584 multi-project engagement pathways.

585 Our work underscores the need for continued research with landscape-level projections to 

586 investigate how the larger network of projects and volunteers interact to influence broader 

587 participation outcomes. An enhanced understanding of connectivity across citizen science 

588 projects would help both project and platform managers leverage existing capacity and benefit 

589 from the resources (e.g. access to data, volunteer energy, and project infrastructure) this larger 

590 landscape provides, ultimately increasing the potential of citizen science to impact society.

591
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Figure 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 this
study, clicking the <join= button was used as a proxy for project engagement.
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Figure 2
Distribution of projects on SciStarter.org by number of volunteers who joined each
project as registered SciStarter members

Percentages represent the percent of total projects that fall in each category
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Figure 3
Project connection network for all citizen science projects on SciStarter.org

This is a one-mode projection of projects connected by shared volunteers. Node location was
determined by default igraph plotting function, node size was determined by degree
centrality. Disconnected nodes (isolates) share no volunteers with other groups
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Figure 4
Project connection network for most highly connected citizen science projects on
SciStarter.org

Projection showing the most highly connected citizen science projects across the
SciStarter.org platform. Only projects that have 10 or more shared volunteers are included.
Node location was determined by default igraph plotting function. Node size determined by
degree centrality.
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Figure 5
Correlation between Citizen Science Project Centrality and Popularity across the
SciStarter.org Platform

The signiûcant correlation between project degree popularity, as measured by the number of
volunteers that joined a project, and project centrality, as measured by the number of
projects to which a project is directly connected, shows that the most popular projects are
those most likely to share volunteers with other projects.
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Table 1(on next page)

Counts and ratios of the number of citizen science projects displaying each attribute in
the project connection network from SciStarter.org
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1 Table 1:

2 Counts and ratios of the number of citizen science projects displaying each attribute in the 

3 project connection network from SciStarter.org

4

Attribute Category Number of Projects Percentage 

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%

Topic

Health & Medicine 44 7.1%

Offline 455 73%Mode of 

Participation Online 169 27%

Not an Affiliate 578 92.6%

Part-time Affiliate 19 3.0%Affiliate Status

Full-time Affiliate 27 4.3%

Never featured 387 62.0%

Featured before data 

collection

153 24.5%

Featured during data 

collection

42 6.7%
 Campaign 

Promotion Status

Featured before and 

during data collection

42 6.7%

5
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Table 2(on next page)

Descriptive statistics for the single large component in the project network
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1 Table 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

2
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Table 3(on next page)

Connections between and across citizen science project attributes

Based on percentage of observed connections (based on shared volunteers) relative to what
would be expected in a random distribution (bottom row of each matrix). Positive
percentages (above 0%) imply more connections than expected, and negative percentages
(below 0%) indicate fewer connections than expected. Each row sums to 0%.
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1 Table 3:

2 Connections between and across citizen science project attributes. Based on percentage of 

3 observed connections (based on shared volunteers) relative to what would be expected in a 

4 random distribution (bottom row of each matrix). Positive percentages (above 0%) imply more 

5 connections than expected, and negative percentages (below 0%) indicate fewer connections than 

6 expected. Each row sums to 0%.

7

8

Topic of Project 2a.

Earth & Life 

Sciences

Behavior & 

Social 

Sciences

Engineering 

& Physical 

Sciences

Health & 

Medicine

Earth & Life 

Sciences
-7% 5% -2% 5%

Behavior & 

Social 

Sciences

-17% 10% 0% 8%

Engineering 

& Physical 

Sciences

-18% 8% 2% 7%

Topic of 

Project 1

Health & 

Medicine
-20% 8% -1% 13%

Percentage 

of Projects
74% 9% 10% 7%

9

10

Mode of Project 2b.

Online Offline

Online 24% -24%Mode of 

Project 1 Offline 12% -12%

Percentage 

of Projects
28% 72%

11

Affiliate Status of Project 2c.

Full-time 

Affiliate

Part-time 

Affiliate

Never an 

Affiliate

Full-time 

Affiliate
8% 2% -10%

Part-time 

Affiliate
9% 3% -12%

Affiliate 

Status of 

Project 1
Never an 

Affiliate
12% 4% -16%

Percentage 

of Projects
4% 3% 93%

12
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Campaign Feature of Project 2d.

Featured 

Before and 

During Data

Featured 

During Data

Featured 

Before Data

Never 

Featured

Featured 

Before and 

During Data

14% 6% 3% -23%

Featured 

During Data
12% 5% 3% -20%

Featured 

Before Data
11% 4% 1% -18%

Campaign 

Feature of 

Project 1

Never 

Featured
8% 5% 2% -16%

Percentage 

of Projects
7% 7% 25% 62%

13
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Table 4(on next page)

Regression results.

Negative binomial regressiona results showing project attributes (topic, mode, aûliate status,

campaign features) associated with degree centralityb for citizen science projects on the
SciStarter.org platform.
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1 Table 4:

2 Regression results. Negative binomial regressiona results showing project attributes (topic, 

3 mode, affiliate status, campaign features) associated with degree centralityb for citizen science 

4 projects on the SciStarter.org platform.

5

Variable

Proportion of 

Projects with 

Attribute

B SE
p-value

Intercept 6.265 0.268 <0.001

Topic: Health 

and Medicinec 0.07

Topic: Behavior 

& Social 

Sciences

0.09 -0.228 0.208 0.273

Topic: Earth & 

Life Sciences
0.74 -0.705 0.162 <0.001

Topic: 

Engineering & 

Physical 

Sciences

0.10 -0.858 0.202 <0.001

Mode: Onlinec 0.73

Mode: Offline 0.27 -0.788 0.100 <0.001

Affiliate: Full-

time Affiliatec 0.04

Affiliate: Part-

time Affiliate
0.03 -0.158 0.315 0.616

Affiliate: Not 

Affiliate
0.92 -1.193 0.219 <0.001

Campaign: 

Featured Before 

and Duringc

0.07

Campaign: 

Featured During
0.07 -0.540 0.226 0.017

Campaign: 

Featured Before
0.24 -0.570 0.190 0.003

Campaign: 

Never Featured
0.62 -0.949 0.181 <0.001

6 aOmnibus Test X2 (9, N=624) = 301.6, p < .001

7 bDegree centrality represents the number of connections from one project to other project nodes 

8 in the network  (M = 31.02, range = 0 to 300).

9 cIndicates reference category for each attribute group
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