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Digital technologies have fundamentally altered the nature of organizing innovation and production 
leading to open collaboration ecosystems. Individuals self-organize in open, voluntary technology-enabled 
collectives to share their enhancements to the data or collaborate on analyzing, disseminating, or 
leveraging the data for many applications, from enterprise computing to mobile, consumer oriented 
applications. ‘Big data’ is an increasingly important ‘engine’ to better understand the complex ‘nervous 
system’ of open collaboration. However, we need to equip open collaboration researchers with new 
datasets that span different contexts, as well as novel computational models and analytical techniques. In 
this paper, we will elaborate on research questions concerning open digital collaboration and derive the 
data analytical challenges that need to be addressed to answer these research questions.

© 2015 Elsevier Inc. All rights reserved.
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1. Introduction

Digital technologies have changed the fabric of organizations, 
triggering novel organizational forms. Innovation and production 
are not confined to established organizations with clear cut bound-
aries. Individuals self-organize in open, voluntary technology-
enabled collectives to share data and knowledge and to jointly 
create novel solutions for a bewildering array of applications. With 
these geographically dispersed groups the idea of open source has 
moved beyond open source software. Manifold types of these col-
lective forms of innovation and production have emerged in which 
a large number of actors interact and create goods across multi-
ple platforms, contexts, and timelines. These systems increasingly 
relate to socially significant domains such as health support or 
eScience. We refer to them as ‘open collaboration’ systems for in-
novation and production [24,7,11] and argue that they are dynamic 
sociotechnical systems for two reasons: (1) they are fluid and 
(2) work, organization, and technologies are intertwined within 
them [32]. Wikipedia, Amazon review systems, science network 
NanoHub.org, and CancerCare.org are just a few examples of open 
collaboration. Their emergence stimulated researchers to study 
their nature.

However, most contributions fail to move beyond existing theo-
ries and routine application of research tools to tackle the dynamic 
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and sociotechnical reality of open collaboration [13,30]. We argue 
that ‘big data’ is an increasingly important ‘engine’ to make this 
turn and to better understand the complex ‘nervous system’ of 
open collaboration. The interaction in digital environments creates 
a gigantic stream of behavioral data that provide novel research 
opportunities to move beyond outdated theories. To do so, we 
need to equip researchers of open collaboration with new datasets 
about dynamic sociotechnical processes that span different con-
texts and users, with novel analytical techniques, and with an 
efficient and effective research infrastructure to support the de-
velopment of novel empirically grounded theories and predictive 
models.

1.1. Open collaboration – an emerging research area of high significance

Open collaboration (OC) relies on a large number of goal-
oriented yet loosely coordinated participants, who interact to cre-
ate a product (or service) of economic value, which is made avail-
able to contributors and non-contributors alike. Indeed, OC will 
have significant economic as well as social impact [24,2,20]. Schol-
ars in social and behavioral science and economics have started 
to address the emerging phenomena from different angles and 
present relevant empirical insights. For example, research draw-
ing upon network theory tackles structural characteristics of large 
OC networks and also presents new insights in the role of author-
ity, reputation, and trust in OC [29]. Contributions in organizational 
studies and information systems have revealed deeper insights into 
the factors that motivate individuals to contribute, and the social 
value they might have [13].
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1.2. Research gaps and challenges

While this work on OC makes important contributions, major 
significant gaps remain in understanding, explaining, and predict-
ing the dynamic and sociotechnical nature of OC. Our own research 
and results from an expert workshops with a community of so-
cial science researchers performed in the KredibleNet project [30,
27] suggest three research major areas that call for a multidisci-
plinary research approach to move beyond a few outdated theories, 
a snapshot of data without context, and routine tools:

1. Capturing the multilevel, multimodal and the dynamic nature of 
roles in OC through multi-modal and pattern data. OC often im-
plies the interaction of a very diverse set of actors embedded 
in different contexts, technological platforms and subpopula-
tions. OC is a multimodal and pluri-actor process connecting 
people through the products and services they create [3,10,32]. 
Such multi-modal networks form around ties between individ-
uals, their resources, and multiple goods, rather than social re-
lationships [30]. The phenomenon of OC is not confined to one 
context as individuals are embedded in different contexts and 
subgroups. Thus, it is crucial to consider linked datasets cover-
ing different perspectives and communities hosted on different 
technological platforms or connected through different goods. 
In addition, roles are dynamic, fluid, and often enacted in the 
moment. Thus, a simple structural perspective is not enough. 
Novel analytical techniques that capture dynamics and con-
sider the interrelation between individual behavior, goods, and 
group activities offers create opportunities to tackle this gap 
and understand the inner working of OC.

2. Acknowledging and unwrapping the constituting role of technol-
ogy in OC through novel data and analytics. Researchers regu-
larly ‘blackbox’ technology even though it holds a constituting 
role [6,28]. A deeper understanding is thus required of how 
technological features act as “shapers” of behavior, and enable 
them to solve complex social problems or create novel ser-
vices. Indeed, existing OC environments make use of sophisti-
cated features such as recommendation systems (e.g. Amazon 
review), or visualization techniques (e.g. tag clouds, network 
visualization) but little is known about how different descrip-
tive or predictive features shape collaboration. Neither do we 
have sufficient data and analysis about user and technology in-
teraction nor do we sufficiently understand their effect. We re-
quire novel data-driven research that captures micro-level data 
about technologies in different contexts and environments in 
order to develop novel theories, explanations of collaboration 
and innovation in OC.

3. Unpacking the dynamic drivers of performance and sustainabil-
ity of OC through novel computational models and analytics. OC 
has significant implications on established assumptions about 
organizational forms and their performance implications for 
firms, society, nations, and beyond. With the increasingly dig-
ital economy, the open and collaborative models become eco-
nomically more viable [2]. At the same time, there is insuffi-
cient understanding on what ensures sustainability of OC and 
the dynamics that drive innovation and performance within it. 
The availability of longitudinal data and novel computational 
models that unpack the complex dynamic processes within OC 
would provide novel insights about how such systems evolve 
and sustain themselves. Today, we lack a deep understanding 
of the dynamics at multiple levels.

It is critical to address these challenges and opportunities. How-
ever, we need to encourage researchers to take turn and move 
beyond a few theories, a snapshot of data, and standard research 
tools. Thus, we need new datasets about dynamic sociotechnical 
behaviors and novel tools and an efficient and effective research 
infrastructure to break new grounds in explaining and predicting 
OC and its impact on innovation.

1.3. Data, infrastructure and novel computational models and 
analytical tools

Addressing the gaps and data opportunities mentioned above – 
and the manifold research questions that may arise within them 
– requires novel datasets on OC embedded in a collaborative in-
frastructure, and a portfolio of research tools and computational 
models to analyze this data. There are three major building blocks:

1. Datasets: There are today many datasets that can be leveraged 
for research in the area of OC, including existing and pro-
cessed data on Wikipedia, open source software development 
platforms, OC systems forming around platforms like Open-
Data.gov, as well as data on virtual science infrastructures like 
NanoHub.org, and open innovation networks like Ninesights. 
It is crucial however that new datasets be made available, 
possibly through derivation from existing datasets by mining, 
experiments, novel processing, and existing and new datasets 
be linked to create context-rich datasets.

2. Computational and analytical tools: There is today a large num-
ber of such tools, including metanetwork models, network 
discovery, dynamic and predictive statistical network analy-
sis, genetic computation, network analysis algorithms, agent-
based simulations, sequencing analysis and statistical predic-
tion, event study tools, and collaboration and visualization 
tools. It is critical however that such tools be easily integrated 
and made available on unified digital platforms.

3. Collaborative cyberinfrastructure: Their goal is to serve as a vir-
tual living lab for experiments, offering the community to 
build capacity, to share data and results, and communicate 
findings seamlessly across different media.

1.4. Paper organization

In what follows we first discuss the major research themes in 
OC. For each such theme we identify guiding research questions 
and data analytic challenges. We then discuss the relevant features 
of toolkits needed to address such data analytic challenges. We will 
then outline a few concluding remarks.

2. Research themes in open collaboration

Fig. 1 presents our framework that proposes a dynamic so-
ciotechnical system perspective to a roadmap towards a multi-
disciplinary research on OC and the identification of data ana-
lytic challenges. Our framework conceptualizes OC systems as a 
sociotechnical system which subsume loosely individuals which 
freely contribute to develop novel goods, with particular resources 
and technological features [24]. It addresses three major research 
dimensions, namely (1) multi-modal and dynamic roles, (2) tech-
nological affordances, and (3) the performance and sustainability 
of the overall dynamic system (as well as the actors and goods 
within them). These three dimensions will guide our research 
roadmap.

2.1. Thematic area 1: multilevel, multi-modal and dynamic roles

In OC, individuals ‘take’ or ‘make’ different roles which shape 
the products and goods that are created within OC as well as 
the adoption and usage of them. Due to loose coordination of 
OC, such roles are usually not assigned through formal governance 
but are achieved, emerge, or are even enacted in the moment in 
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Fig. 1. Research framework.
87

88

89

90

91

92

93

94

95

96

97

98

99

100

101

102

103

104

105

106

107

108

109

110

111

112

113

114

115

116

117

118

119

120

121

122

123

124

125

126

127

128

129

130

131

132
a self-defined manner. In addition, individuals can hold multiple 
roles and may change roles over time [13,29]. Existing literature 
proposes a range of different roles, and also takes different the-
oretical lenses to identify and explain them. Examples of roles 
are functional leaders, who contribute to a significant degree to 
a project and lead by example and be determining the nature of 
the project [29], ‘free riders’, who hardly contribute to the devel-
opment but only want to benefit from it [2], to boundary spanners 
who span across different subgroups [14], or service function roles 
like mediators or organizers [13]. Which roles matter for collabo-
ration, knowledge creation, and decision making, and how they are 
achieved or enacted, is of utmost important to understand the in-
ner working of OC. However, it is controversially discussed. There 
is no generalizable way of modeling them and the particular na-
ture of the OC system – as a dynamic sociotechnical system – is 
not sufficiently considered. For example, network theory offers one 
theoretical lens to identify roles and collaborative behavior in OC 
in a data-driven manner by focusing on the structural dimension 
between individuals [36]. This theory has become a popular theo-
retical tool for studying social networks and contagious processes 
like diffusion of rumor, disease, and also innovation. Following 
he proposed assumptions of social network theory and literature 
on social capital [18], researchers furnish a range of centrality 
measures, such as ‘closeness centrality’ or ‘betweenness centrali-
ty’ (e.g. [15,25,4], just to name a few), to describe how location in 
a network topology determines critical roles of an individual in a 
social network [8].

However, OC is more than just a social network in which indi-
viduals are connected through social ties. It is a multi-modal net-
work connecting multiple nodes of people, their resources, goods, 
and the tools available [29] rather than a mere social network con-
necting people to people through social relationships [21,31]. In 
addition, it represents a dynamic network in which there are tip-
ping points, and stochastic events (see e.g. [35]). The debate on 
different roles in OC is further intensified due to the particular na-
ture of this organizational form. Participants are jointly embedded 
in different social and technical contexts and connected through 
multiple activities and practices, and thus, the notion of ‘centrality’ 
is significantly different from the original idea of social embed-
dedness [18]. It relates to complex goal-oriented interactions and 
practices that take place in digital sociotechnical environments. 
‘Centrality’ co-exists at different levels, and evolves dynamically 
over time. To resolve this debate and to model roles through a net-
work theoretical lens, we need to dynamically consider a range of 
attributes of the nodes of these multi-modal networks – the users, 
the goods, the resources, and the tools – and the graphs connect-
ing them. These graphs represent different kinds of goal-oriented 
and tangible activities and practices. We also need to consider the 
particular context (e.g. the particular technology platform the user 
is embedded in) and ‘subpopulations’ in which these interactions 
occur.

In addition, we need to enrich network models with insights 
from innovation and behavioral theory which highlight that the 
nature of the good – whether it is a rival good or not – and the 
heterogeneity of the resources of the individuals within the net-
work – as well as the individual’s tendency towards cooperation 
is a critical variable in OC. Further, a purely network theoretical 
perspective is not sufficient to identify roles in OC and to explain 
and predict their effect on cooperative behavior on OC. We need to 
complement a ‘global’ network perspective, with a local-individual 
behavioral perspective, as role making implies that individuals en-
act roles in the moment. Thus, it is the local individual activities 
that characterize enacted roles in OC. Such roles emerge in re-
sponse to tension fluctuations in OC. For example, Kane et al. [22]
identified roles-including flitterer, idea champion, and defender – 
that participants in a Wikipedia article use for collaborating on an 
article. The flitterer is a participant who comes to the community, 
places an idea, and then leaves [22]. In OC such self-enacted roles 
may be critical to drive contribution. However, it requires novel 
data-driven research and pattern-oriented mining to identify these 
roles and generalize whether they drive collaboration. It requires 
the analysis of local behavioral patterns and activities ‘in the mo-
ment’, in a particular context and in relation to subpopulations.

Guiding research question(s). How can we conceptualize and measure 
roles from a sociotechnical, multi-modal network, and multilevel point 
of view? How we can better capture dynamic ‘enacted’ roles and move 
beyond the structural perspective? How do different roles effect collabo-
ration and new knowledge creation?

Analytical challenges. In the lights of the abundance of data about 
individual behavior, there are novel opportunities to model and 
predict roles in OC. However, there are a range of conceptual 
and analytical challenges. First, we require new linked data to 
address the multi-modal character of OC as well as means to 
capture and measure emerging multi-dimensional practice capi-
tal. There are meta-models available to model complex networks 
and their dynamics for organizations. However, they do not reflect 
the self-organizing nature of OC as organizational form. We re-
quire novel dynamic network ‘meta’ models, and also consider the 
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local pattern-oriented conceptualization of roles and how roles re-
lated to other subpopulation in the moment. In addition, for large 
datasets we need more efficient algorithms to identify roles via 
centrality measures.

2.2. Thematic area 2: technological affordances for collaboration and 
innovation

Existing OC environments make use of various tools and fea-
tures including APIs, chat rooms, wikis, recommender systems (e.g. 
Amazon review), or visualization techniques (e.g. tag clouds, net-
work visualization). Today, researchers have little empirical insights 
about their affordances for collaboration, knowledge exchange, 
knowledge creation, and innovation. Innovation scholars regularly 
treat the technology as a “blackbox” and do not consider the digital 
environment and the tools and features available within it. How-
ever, following recent claims of transformative scholars we need to 
take turn and acknowledge the constitutive role of technology [32]. 
Technological features yield novel affordances or constraints which 
can be transformative and extremely critical for complex problem 
solving and activating individuals to change and solve problems 
in areas like healthcare, science, and alike. The concept of affor-
dances refers to an action potential, that is, to what an individual 
or organization with a particular purpose can do with a particular 
technology or information systems of “tool” in a cyberinfrastruc-
ture [17]. Technologies may also yield a constraint as they hold 
back individuals from accomplishing a particular goal when us-
ing a technology or system. Thus, affordances and constraints are 
distinct from features. Affordances are relational concepts and are 
different from features.

In OC systems we expect flexible affordances that are used 
in creating innovations characterized by convergence and gen-
erativity [37]. For example, an architecture affording knowledge 
evolution allows anyone to see what knowledge has been col-
lectively created. Such transparency may encourage individuals to 
contribute. Use of knowledge evolution visualization has yielded 
knowledge exchange. As with Wikipedia, such an affordance may 
allow individuals who have little time to engage in a process to 
eventually evolve to a more integrative and comprehensive so-
lution [27]. Features and tools like visualization tools or recom-
mender systems may yield affordances for evolutionary knowl-
edge contribution, or even constraints [22]. Indeed, there might be 
novel features required to yield evolutionary knowledge creation 
and innovation that sustain over time. Technology affordances and 
constraints in OC are quite particular as they often span differ-
ent context, systems, and platforms, such as open data environ-
ments or science networks like NanoHub.org. In addition, features 
are not static but change over time as individual’s make changes 
not just to goods but also features. For example, in NanoHub.org
users build their own simulation tools, which become a novel ar-
tifact for other users to create novel knowledge. Indeed, a deeper 
understanding and more generalizable evidence on technological 
affordances and constraints is required to build and advance a re-
search community around OC.

Guiding research question(s). What technological affordances and 
constraints within OC systems emerge from novel technological features 
(such as visualization tools)? How do they affect the dynamics of collab-
oration and the ability of individuals to create really novel solutions and 
tackle complex problems?

Analytical challenges. Studying affordances has always been a 
challenging research task as it requires researchers to have ac-
cess to relational data. Indeed, the explanatory (or even predictive) 
power of affordances can only be actualized if two conditions are 
met: (1) the technology and the technological feature are clearly 
defined and (2) the domain of activity is limited to a specific set 
of activity [12]. Meeting these conditions requires micro-level be-
havioral data about technology-use relationships. At the same time, 
these data must cover multiple contexts in order to support draw-
ing generalizable conclusions. A pattern-based approach towards 
computationally identifying patterns about affordances across large 
user data sets and subpopulations may offer new means to arrive 
at explanatory or even predictive conclusions. In addition, collect-
ing new data in an experimental and action-oriented approach will 
offer new means to receive fine-grained data about technology-use 
relationships.

2.3. Thematic area 3: explaining and predicting performance and 
sustainability of OC

OC has drawn scholarly interest because of its potential per-
formance impact on innovation and its implications for society. 
Innovation and performance relate to different levels: the individ-
ual’s performance, the performance at goods, the overall system 
level. The impact at the industry level is also puzzling. Some firms 
have been affected positively, others negatively. The free encyclo-
pedia Wikipedia has managed to achieve the quality of Encyclope-
dia Britannica, which, after 244 years in circulation, has ceased to 
produce their books. Apparently, OC is transforming industries. Re-
cent modeling drawing upon innovation theory and the concept of 
private-collective innovation argue that with increasingly decreas-
ing communication and production costs, open and collaborative 
innovation models will increasingly become superior to producer 
innovation models [2]. However, what affects the performance of 
OCs – even why they are viable – remains critical question. An 
agent-based model has been recently developed theorizing that 
the dynamics in the system has a significant impact on the ability 
to solve complex problems in an open and collaborative way [1,
5]. Performance also relates to the question of sustainability and 
continuous value creation for all participants of OC. Taking an evo-
lutionary perspective we argue that the OC system will go through 
phases of tensions. In OC such tensions relate to the competition 
versus collaboration at the individual level, creative abrasion ver-
sus ‘being a stranger’, time required for contributions versus time 
constraints, flexibility versus standardization. Generative responses 
rather than structure are required to ensure sustainability and re-
spond to these tensions [6]. The emergence of different roles and 
technological affordances that support fluidity and dynamics may 
enable OC system to overcome these tensions and to sustain itself. 
Understanding what the dynamic drivers of continuous innovation 
and sustainability of OC are is of utmost importance.

Guiding research question(s). How does the multilevel design of OC 
(related to roles and technological features and affordances) affect the 
dynamics of the system? What models enable us to explain and predict 
the self-organizing nature and the sustainability of OC? What are the 
particular drivers that affect sustainability of OC at different levels, the 
individual, product (good), the group and the overall network level?

Analytical challenges. Studying the evolutionary process of new 
knowledge creation and the sustainability of OC is challenging, 
whether it is at the individual, the team, or the overall organi-
zational level. A purely structural approach is not sufficient. Due 
to lack of empirical data some organizational scholars have mostly 
relied on agent-based modeling and randomly generated data to 
run experiments. However, big data and breadcrumbs about behav-
ioral data at the individual as well as the network level data offer 
novel means to better link such computational models to empirical 
data. We also need to reconsider existing computational models 
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that have been developed for studying organizational models, as 
these computational models do not reflect the particular dynamic 
and sociotechnical nature of OC. In addition, longitudinal and fine-
grained data might offer us the ability to statistically examine the 
sustainability of the overall OC system. However, we require linked 
data about individuals, goods, tools, and their particular context, 
detailed attributes, insights about dynamics over time, and highly 
performant computational infrastructures.

3. Analytic tools and computational techniques

To address such major research questions, one needs to rely on 
different research methodologies, tools and computational models. 
In the following, we elaborate on these:

• Meta-network modeling: A meta-network is a multi-mode, 
multi-link, multi-level network [23,9]. This is of relevance for 
all the themes in our research roadmap, but in particular for 
themes 1 and 3. Such meta-networks are required to predict 
node (actor) role attributes, actions, and behavior (including 
collaboration and knowledge exchange) on the basis of net-
work linkages. Scholars in computational organizational sci-
ence have already developed some initial meta-network mod-
els [9]. However, while these models are appropriate for most 
organizational forms, we need to meta-network models able to 
tackle the specifics of OC and the multi-modal networks that 
form around digital goods, resources, tools, and technologi-
cal platforms. One approach is to take a multi-level practice 
and ‘capital’ view which form a meta-network around differ-
ent ‘practices’.

• Network discovery and network analysis methodologies: An 
important research task for OC research is network discovery 
and network analysis. One approach is to take a multi-level 
practice ‘capital’ view to discover the network, by which col-
laborative work in sequential or simultaneous tasks is seen 
as a form of connectedness and embeddedness in the so-
ciotechnical system [18]. Previous work on network affiliation 
methodology used in prior research on network analysis can 
be leveraged on and extended to include co-participation in 
different ‘practice’ levels. According to this approach, individ-
uals who work together are considered to be connected di-
rectly proportional to their level of commitment/contribution 
to a common sub-practice/task and inversely proportional to 
the distance in time between their contributions [29]. Once 
the network of practice is mapped, entity discovery method-
ologies can be applied that rely on community and cluster 
partitioning strategies to determine the functional role a user 
performs [36]. However, more sophisticated network analysis 
tools are required. In particular, for the identification of ‘en-
acted’ roles in the moment, one needs methods that go be-
yond existing multi-model network discovery techniques, and 
pattern-oriented approaches for analyzing user-behavior.

• Dynamic network analysis and statistical prediction: Study-
ing the dynamics is of utmost important. Dynamic network 
analysis is an emerging field that brings together social net-
work analysis (SNA), and link analysis in network science. 
There are different streams of dynamic network analysis, one 
of them is a statistical one [9]. Dynamic network analysis takes 
into account the temporal and dynamic analysis of a network. 
Among various types of models proposed for statistical model-
ing and prediction of network data, two stand out to be most 
promising. The first type consists of exponential random graph 
models [33], in which ties among nodes are assumed to be 
random variables and dependencies among these random vari-
ables are further imposed. The second type consists of latent 
social space models [19], which postulate the existence of a 
latent space and further assume that ties as random variables 
are determined by the positions of actors on the latent social 
space. Both models can be used to statistically infer fundamen-
tal rules and patterns of a social network based from observed 
data. An important research direction is to use these method-
ologies in the context of OC and to further advance them for 
the purpose of developing proper prediction models dynamic 
multi-modal networks. As these types of roles have not been 
investigated in large sociotechnical systems where collabora-
tion is not tied to social ties but to practice and activity ties, 
further advances to such prediction models are needed. In ad-
dition, it is crucial to identify new statistical models to identify 
emerging ‘enacted’ roles that are less structurally oriented but 
result from interactions between users, or user-goods contri-
butions.

• Agent-based simulation models: To predict complex behavior 
in OC systems agent-based modeling techniques are crucial. 
Agent-based models provide theoretical leverage where the 
global patterns of interest are more than the aggregation of in-
dividual attributes, but at the same time, the emergent pattern 
cannot be understood without a bottom up dynamical model 
of the micro-foundations at the relational level [26]. Recently 
an agent-based model to investigate the performance of OC 
from a behavioral point of view has been proposed [24]. So 
far, however, such model has not been validated with empir-
ical data and also it needs to be extended in order to cap-
ture the sociotechnical and dynamic dimension of OC over 
time. Recently, one of the founding scholars of the field of 
computational organizational science has developed a toolkit 
CONSTRUCT to link meta-models, text mining, network analyt-
ics and agent-based modeling [9]. While this toolkit provides 
novel means to advance to explain and predict complex dif-
fusion processes in organizational system, it does not reflect 
the particular nature of open digital innovation in virtual envi-
ronments. Open collaboration often implies non-transitive re-
lationships, and is not just shaped by social relationships.

• Behavioral sequencing techniques and genetic computation:
To explain the sociomaterial character of behavior in OC, and 
to provide insights into complex interactions between humans 
and technologies, pattern-oriented approaches are needed for 
studying the entanglement of human activities and digital 
technologies in OC. A behavioral sequencing analysis allows 
one to capture the temporal interactions between users and 
technologies at the micro-level and understand how particu-
lar events trigger behavior. In addition, it also allows one to 
consider similarities across users and among subpopulations. 
Recently, genetic computation has entered the field of organi-
zational studies and innovation [16]. However, it has not been 
applied to the phenomenon of OC. One possible approach is 
to identify routine activities via low entropy measures, as well 
as highly dynamic activities via high entry measures to iden-
tify highly dynamic roles and patterns that are enacted in the 
moment.

• Collaborative and automated coding tools for unstructured 
text data: To understand the micro-foundations of human be-
havior, we need to move beyond log-files and also engage in 
analysis of dialog among individuals engaging OC that takes 
place in chat rooms, on pin walls, etc. Today, analyzing the 
evolution of dialog is a time consuming process. Usually, there 
is no predefined set of codes available as researchers often 
need to engage in inductive and axial coding to make sense 
of data. Learning-oriented algorithms are needed that would 
allow one to build a rich lexica and meta-data related to par-
ticular dialog themes [34] e.g. the phenomenon of perspective 
taking and distancing in knowledge creating dialogs.
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Beyond these computational and statistical tools, it is also im-
portant to integrate additional tools such as survey tools, and visu-
alization tools. The latter are particular important for research and 
social experiments on technological affordances.

4. Concluding remarks

This paper has outlined research directions in the field of open 
collaboration. The increasing availability of datasets documenting 
on-line collaborations is making possible to provide answers to 
many research questions on a quantitative basis. However, just 
making available such datasets is not enough. We need new net-
work models, data transformation techniques, data linkage tech-
niques, and novel pattern analysis techniques to make possible 
to extract meaningful knowledge from such data. Capturing fine-
grained and high quality interaction and collaboration data is also 
another important challenge that needs to be tackled. As part of 
our future work, we plan to design and prototype novel cyberin-
frastructure platforms addressing such needs.
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