Dusting for science: motivation and participation of digital
citizen science volunteers
Oded Nov
Polytechnic Institute of
New York University,
New York, NY, USA
onov@poly.edu

Ofer Arazy
School of Business,
University of Alberta,
Edmonton, AB, Canada
ofer.arazy@ualberta.ca

David Anderson
Space Sciences Laboratory,
University of California, Berkeley,
Berkeley, CA, USA
davea@ssl.berkeley.edu

offers a participatory approach for conducting scientific
research, following the crowdsourcing model, whereby
volunteers participate in scientific research by contributing
to data collection and analysis [24]. In times of research
budget cuts and increasing cost of doing science [5, 38],
citizen science represents a low-cost way to both strengthen
the scientific infrastructure and engage members of the
public in science. According to the director of the NSF’s
Information and Intelligent Systems Division, it is “a
natural solution to many of the problems that scientists are
dealing with that involve massive amounts of data” [38].

ABSTRACT

Digital citizen science offers a low-cost way to strengthen
the scientific infrastructure, and engage members of the
public in science. It is based on two pillars: (1) a
technological pillar, which involves developing computer
systems to manage large amounts of distributed resources,
and (2) a motivational pillar, which involves attracting and
retaining volunteers who would contribute their skills, time,
and effort to a scientific cause. While the technological
dimension has been widely studied, the motivational
dimension received little attention to date. To address this
gap, we surveyed volunteers at Stardust@home a digital
citizen science project, in which volunteers classify online
images from NASA's Stardust spacecraft. We found that
collective and intrinsic motivations are the most salient
motivational factors, whereas reward motives seem to be
less relevant. We also found that intrinsic and normoriented motives are most strongly associated with
participation intentions, which were, in turn, found to be
associated with participation effort. Implications for
research and practice are discussed.

In digital citizen science projects [16] participation takes
place online. Some examples include: volunteer computing
projects, such as SETI@home and Rosetta@home (where
volunteers run on their computers programs that search
radio telescope signals for signs of extra terrestrial
intelligence in SETI@home, and help determine the threedimensional shapes of proteins in Rosetta@home) or webbased image classification projects, such as Stardust@home
(where volunteers classify images from NASA's Stardust
spacecraft, searching for interstellar dust particles); The
story of Hanny van Arkel, a Dutch schoolteacher and
Galaxy Zoo volunteer, who discovered in 2007 an unusual
gas cloud that scientists believe could help explain the life
cycle of quasars [20], illustrates the potential of the
participatory approach to doing science.
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BACKGROUND AND RELATED WORK

Scientists increasingly take advantage of digital citizen
science [11, 16, 25]. For example, Galaxy Zoo - where
volunteers classify telescope images from the Sloan Digital
Sky survey - has reached 250,000 registered members in
just three years.

INTRODUCTION

Many aspects of scientific research, such as observation,
classification and analysis, are labor-intensive, timeconsuming, and as a result, costly [21, 28]. Citizen science
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Digital citizen science is founded on two pillars. The first is
technological: developing computer systems to manage,
allocate, and aggregate, large amounts of distributed
resources. The second pillar – which this study investigates
- is motivational: attracting and retaining people who would
be willing to contribute their skills, time, and effort for a
scientific cause. Yet, while the former was widely studied
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colleagues); reward motives (benefits such as gaining
reputation or making new friends); and collective
identification (identification with the group, and following
its norms). This conceptualization has been extended to
include a fifth factor in studies of participation in opensource software development [17] and Wikipedia editing
[30] – a hedonistic or intrinsic motivation, operationalized
as the enjoyment associated with participation in the
project. Given the broad range of possible ‘reward motives’
[17], we divided this factor to two specific motives, which
were identified in studies of previous online communities:
community reputation benefits and social interaction
benefits [7, 27].

(e.g., [1, 2, 3]), the latter received little attention to date.
Why do volunteers contribute their time, effort, and
expertise to scientific projects? Understanding the
motivational aspect is crucial for the design and
management of such projects, especially given evidence
that contributors often reduce their involvement after an
initial period of experimentation, and that many digital
citizen science projects suffer from an alarmingly high
attrition rate.
The motivations underlying information and resource
sharing in online peer-production venues has attracted
substantial scholarly attention in recent years (e.g., [19,
36]), and studies were conducted in a variety of contexts,
including open source software development (e.g., Linux),
collaborative authoring (e.g., Wikipedia), collaborative
tagging (e.g., delicious). These studies demonstrate that
while in each of these domains participants are driven by a
mix of motives, the motivational factors that are most
salient differ between projects. These differences stem from
a variety of sources, such the project’s ideology and
contributors’ identification with it, the skills required for
participation, or the availability of indirect monetary
incentives. For example, a comparison of the motivations of
open source software and Wikipedia volunteers revealed
that while gaining professional reputation and learning new
skills were the most salient motives for open source
participation, the desire to help others in the community
was the most important motivation for participation in
Wikipedia [23].

The model proposed in the present study follows two
influential theories – the theory of reasoned action (TRA)
[13] one of the most influential theories of human behavior
[34], and its application in the technology adoption
literature, the technology acceptance (TAM) (e.g., 12, 34,
35]). According to these theories, an intention to perform a
certain behavior links the actual behavior to upstream
antecedents. We used two different behavioral intentions,
the intention to increase participation and the intention to
continue participation [4], as the constructs linking
motivations to behavior, and in our case, to citizen science
participation (see Figure 1).

There are important differences between contributions
made to digital citizen science and those made to other
types of community-based peer-production projects. These
differences stress the need to investigate motivations for
participation in the specific context of digital citizen
science: First, in digital citizen science there is a clear
distinction between the volunteers making the contribution
and those benefiting from the aggregate effort (i.e. the
scientists who run the project). This asymmetric structure
differs from most other community-based projects (e.g.
Wikipedia, YouTube), where the distinction is blurred and
contributors are also users of the community-generated.
Second, it often takes a long time for the output of the
scientific project to be made public, in contrast to
community-based projects where the contributions are
viewable immediately, which may provide instant
gratification to contributors.
Figure 1. Research model
RESEARCH MODEL

For the empirical study of citizen scientists’, we adopted the
theoretical framework of voluntary participation in social
movements [18, 31]. This framework includes four classes
of volunteers’ motivations for participation: collective
motives (the importance attributed to the project’s goals);
norm-oriented motives (expectations regarding the
reactions of important others, such as friends, family or

METHOD
Data Collection

We
examined
Stardust@home
(stardustathome.ssl.berkeley.edu), a digital citizen science
project in which volunteers (also known as “Dusters”)
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advantages that are pertinent to the present study: In
addition to the verification of a complex model, PLS
enables testing of individual hypotheses and provides
amount of variance explained for each endogenous variable.
Compared to covariance-based SEM and regression, it is
better suited to dealing with data nonnormality and small
sample size [9]. Similar to other structural equation
modeling techniques, it allows measurement validation and
model verification to be performed in a single step.

classify online images from NASA's Stardust spacecraft.
Using a virtual microscope developed by the
Stardust@home team, dusters classify images using their
home computers and search for tracks left by very small
interstellar dust particles impacting Stardust’s aerogel tiles
(see Figure 2 for a screenshot of the virtual microscope
used by volunteers).

RESULTS

To confirm the reliability of survey items, we conducted a
factor analysis. Eight factors emerged, corresponding
directly to our framework of six motivational factors and
two intention factors, with 89.9% of the total variance
explained. All items factor loadings on the intended
construct were higher than their cross-loadings, as expected
(see Table 1). Further, to confirm convergent and
discriminant validity, we calculated the average variance
extracted (AVE) for each construct (Fornell). For each
construct, AVE exceeded 0.5, and the square root of AVE
(RAVE) exceeded the correlation with other constructs thus displaying convergent and discriminant validity [8, 9].
In addition, all constructs exhibited Cronbach’s alpha
values above the generally accepted level of 0.70 [32],
indicating measures reliability.

Figure 2. A screenshot of the Stardust@home Virtual
Microscope; a volunteer’s categorization of an image as a
potential dust particle is circled.
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Survey items were adapted from previous studies and
adjusted to the citizen science context. The survey was
developed based on the Extended Klandermans Model [17,
18], and used a number of sources [7, 17, 27, 30] for
specific items based on the model. Participation was
measured as the number of weekly hours spent in
participation, following the operationalization used in
previous studies of online voluntary participation (e.g. [17,
19, 22]).
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The survey was administered to volunteers in the project
who were active in the 30 days prior to the survey time and
respondents were asked to rate the importance of the
different motives on a 1-7 Likert scale. 139 Stardust@home
volunteers participated in the survey, representing a
response rate of 27.1%, which is relatively high compared
to similar studies (e.g., [37]).
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Figure 3. Distribution of Stardust@home volunteer
participation levels.

Structural equation modeling (SEM) was used to analyze
the survey results and estimate the relationships between
the constructs. Partial Least Squares (PLS) was applied [9]
using SmartPLS 2.0 [26] for the measurement validation
and structural model testing. PLS is used extensively in
information systems research as it offers a number of

The analysis of the results reveals a diverse set of
volunteers (see Figure 3 for a distribution of time spent on
participation; the Y axis represents the number of
volunteers), with the majority of volunteers spending less
than two hours per week, and a minority of dedicated
3

volunteers spending more. This observed power-law
participation pattern is highly common in peer-production
communities.

of secondary importance, and the reward motives of
reputation and social interaction did not seem to play an
important role.

The results’ descriptive statistics are presented in Table 1.
The two most salient motivational factors were collective
and intrinsic motives (6.45 and 5.98 out of 7, respectively);
identification and norm-oriented motives were found to be

Table 1: Item means, standard deviations, and factor loadings
Construct

Item

1

2

3

4

5

6

7

8

Continue
participation

CONT1

.830

.374

.113

.062

.056

.173

.192

.076

CONT2

.834

.339

.034

.092

.056

.222

.182

.091

Increase
participation

INCR1

.294

.879

.134

.066

.175

.132

.126

.082

INCR2

.327

.862

.141

.132

.107

.156

.129

.032

REP1

.073

.164

.840

.031

.286

.167

.023

.240

REP2

.077

.097

.899

-.014

.261

.130

.098

.035

Collective
motives

COL1

-.005

.090

.006

.924

-.049

-.051

.106

.097

COL2

.133

.059

.007

.923

.119

.023

.021

-.006

Social
interaction

SOC1

.048

.125

.193

.047

.886

.068

.023

.182

SOC2

.047

.121

.360

.032

.820

.132

.097

.061

Normoriented
motives

NORM1

.153

.221

.194

-.061

.044

.850

.043

-.032

NORM2

.179

.042

.083

.026

.149

.849

.161

.180

Intrinsic
motives

INT1

.171

.177

.064

.097

.088

.127

.911

.086

INT2

.575

.075

.095

.077

.027

.122

.660

.149

Identification

IDNTP

.160

.090

.229

.102

.251

.134

.168

.880

Reputation

The PLS results of testing the two models (a separate model
testing for each of the behavioral intention factors) are
presented in Table 2. We used the log-transformed
participation data in the analysis because of the highly
skewed distribution of the participation variable (see Figure
3), as is common in studies of online participation [6]. In

Mean

S.D

5.94

1.07

5.12

1.42

3.70

1.62

6.45

0.72

3.30

1.30

4.52

1.12

5.98

0.83

4.42

1.37

both models, intention was significantly related to
participation, and intrinsic motives and norm-oriented
motives were most strongly related to participation
intentions (the path coefficients were 0.294 and 0.185 for
Model 1, and 0.509 and 0.243 for Model 2).
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context. Further research can help determine whether this
holds in other peer-production venues as well.

Table 2: PLS analysis results

Variable

Participation
motivations

Participation
intentions

R2

Model 1

Model 2

Reputation

0.148

†

0.036

Collective
motives

0.129*

0.071

Social
interaction

0.134

-0.015

0.294***

0.509***

Norm-oriented
motives

0.185*

0.243**

Identification

-0.037

0.033

Continue
participation

--

0.483***

Increase
participation

0.282***

--

R2 (intention)

0.313

0.454

0.080

0.233

Intrinsic
motives

The findings have important implications for the design and
management of digital citizen science projects; we
recommend that designers and leaders of such projects
focus their recruiting and retention efforts on motivational
factors that are more salient and have a positive relation
with intention and participation. The high levels of
collective motives suggest that citizen science projects
should strive to increase volunteers’ commitment to the
project and its goals. This could possibly be done by
communicating the project’s mission and achievement to
the volunteer-base (e.g. through social media). The salience
of intrinsic motives stresses the need to develop game-like
contribution channels, such as the one used in Foldit [10], a
multiplayer online game in which citizen scientists compete
by folding proteins into a chemically stable configuration.
The moderate levels observed for identification and normoriented motives suggest that - although of secondary
importance – administrators should not neglect the
necessity to establish a community of volunteers who share
beliefs, interact regularly, possibly using social media
outlets, and work collectively towards a common goal.
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R
(contribution)

Another key insight from this study is the need to create
dynamic contribution environments that allow volunteers to
start contributing at lower-level granularity tasks, and
gradually progress to more demanding tasks and
responsibilities. Many community-based projects, such as
open source software development and Wikipedia, have
long realized this, and they allow interested contributors to
progress in the ladder of responsibilities. This mechanism is
currently absent in digital citizen science projects, where
volunteers’ tasks are usually restricted in their scope, and
the governance and decision making is left in the hands of
the scientists managing the projects. Adopting a more
symmetric governance structure, closer to the one in
community-based projects such as Wikipedia, represents a
major paradigm shift, even for those scientists who
appreciate the potential benefits of citizen science.
However, as digital citizen science develops, and
competition for volunteers’ resource increase, such a trend
toward greater empowerment of volunteers may be
inevitable.

†

p<0.1 *p<0.05 **p<0.01 ***p<0.01

DISCUSSION AND CONCLUSION

Digital citizen science is emerging as a powerful way to
conduct scientific research by drawing on large numbers of
geographically distributed volunteers. In the present study
we proposed and tested a framework of the antecedents of
contribution in digital citizen science projects, by building
on the body of literature on online volunteer participation,
and adapting it to the citizen science context. We tested our
proposed framework and used structural equation modelling
to examine the influences of antecedents identified on
participation levels. The findings reveal the factors that are
most important for motivating volunteers to participate in
digital citizen science activities.
The findings show similarity to recent studies of the
motivations of Wikipedia contributors. [30] identified
intrinsic and collective motives as the most salient
motivations. [22] found that the two most salient
motivations were enjoyment and Wikipedia-related
ideology (i.e. “information should be free”). While the
Wikipedia study employed a different survey instrument,
both motivations identified represent similar participants’
concerns: the top motivation in both studies is enjoyment,
and the second involves identification with the goals of the
projects. This similarity of the results suggests that the
salience of the top motives is a relatively general
phenomenon, not dependent on a particular participation

The present study has a number of limitations that can be
addressed in future research. The study was conducted in a
specific citizen science project, Stardust@home. Studies of
other citizen science projects, in different fields or with
different goals, could help verify the generalizability of the
findings. Further, we applied a cross-sectional research
design, which allows establishing correlations between
constructs, and thus arguments regarding causal
relationships should be taken with caution.
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In conclusion, the present study advances the understanding
of the motivational pillar of digital citizen science. Still a
number of questions remain open and warrant future
research. Some of the future research directions we identify
are (a) examining the mechanisms by which participants
increase or decrease their participation levels over time, (b)
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design of digital citizen science systems could possibly help
increase volunteer participation.
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