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Virtual Collaborative Spaces: A case study on the
Antecedents of Collaboration in an Open Source Software
Community

Abstract

Collaboration enables the sharing amongst individuals of resources and knowledge required to
innovate. In recent years, this phenomenon has increasingly manifested in virtual collaborative spaces
such as open source software communities, because of the advancement in the use of online
technologies and the heightened need for distance work. However, it is still unclear which underlying
mechanisms foster collaboration in these spaces. By using the Linux kernel open source software
community as a case study, we analyze data from the linux-pci@vger.kernel.org mailing list to model
the influence of proximity on the likelihood of collaboration between individuals. Our dataset is
composed of 10,513 message replies to the PCI mailing list posted by its 654 active members in the
years 2013 to 2015. Our results show that geographical proximity does not have a direct impact on
collaboration, while organizational features defined by institutional and organizational proximity do
significantly affect collaboration. Cognitive and social proximity also significantly, and positively, affect
collaboration, but these relationships show an inverted u-shaped form. Our results confirm the need
to develop specific theorizing about virtual spaces, as they present unique features when compared
to traditional physical environments.

Keywords: Collaborative innovation; virtual collaborative space; proximity; relational event model;
Linux kernel.
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Introduction

Collaboration is the cornerstone of competitive advantage (Chesbrough, 2003; Nelson, 2018). By
promoting interactions between multiple actors, collaboration enables the generation and
implementation of innovation to address specific problems and improve the use of resources
(Antikainen et al., 2010; Huang and Yu, 2011; Fjeldstad et al., 2012).

The benefits of collaborative innovation have been widely discussed in the literature (e.g., Dodgson et
al., 2014; Najafi-Tavani et al., 2018). The coordination of collaborative relationships is, however, a
challenging task with a very high risk of failure (van de Vrande et al., 2009; Ollila and Elmquist, 2011).
Success or failure of collaboration depends on environmental, organizational, and individual factors
(see McNamara et al., 2020): prominent among them is space in its many dimensions, i.e., cognitive,
physical, or virtual (Leminen et al., 2020; Ollila and Ystrom, 2020).

Previous studies focused on how physical spaces such as accelerators, fab labs, incubators, and living
labs support collaborative innovation (e.g., Leminen and Westerlund, 2012; Capdevila, 2015;
Caccamo, 2020), since shared space can enable the cognitive processes fostering knowledge creation
(Mathisen and Jgrgensen, 2021; Peschl and Fundneider, 2012). However, this cannot be directly
applied to virtual spaces where interactions do not require a shared physical space. Virtual
collaborative spaces - such as open source communities or digital teaching environments - enable the
transfer of knowledge using information technologies and an open innovation approach (Aslesen et
al., 2019); previous studies on virtual collaborative spaces have looked at the antecedents of
innovation in such spaces, but results are mixed (Usoro et al., 2007; De Maggio et al., 2009; Liu et al.,
2017; Zhou et al., 2022). Scholars have demonstrated that proximity can enable collaboration and thus
innovation also in the virtual space (Aslesen et al., 2019); however, the effects produced by its
different dimensions (e.g., Boschma, 2005; Knoben and Oerlemans, 2006) are still unclear, since the
virtual space remains overlooked when analyzing collaborative innovation (Bogers et al., 2017).
Scholars have highlighted the need of additional studies exploring the antecedents, nature and
mechanisms of collaboration in virtual spaces (e.g., Liu et al., 2017; Enkel et al., 2020). This study aims
to fill this research gap by addressing the following research question: what are the effects of multiple
dimensions of proximity on collaborative innovation in a virtual collaborative space?

By employing a proximity framework and modelling collaboration as a relational event occurring at
the individual level (similarly to Brunswicker and Schecter, 2019, and Lerner and Lomi, 2020), our work
explores the impact of collaborative innovation using an instrumental case study approach (Stake,
1995). Our empirical setting is the open source Linux kernel community, which is considered a
successful case of virtual collaborative space (Lee and Cole, 2003) and has proven to be an interesting
context for analyzing virtual communities and open innovation (Dalle et al., 2022; Nguyen and Ignat,
2018; Schaarschmidt, 2022). This community’s virtual space can be considered an interaction space
where collaboration happens via mailing lists (Toral et al., 2009). Our results show that geographical
proximity is not key for collaborative innovation, while organizational proximity positively affects
collaboration in virtual spaces and institutional proximity negatively influences it; moreover, cognitive
proximity and social proximity show an inverted u-shaped curve, i.e. identical cognitive skills and the
maintenance of too many contacts can weaken the collaborative process. These effects can be
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explained in light of the presence of a mix of competitive dynamics and strategies adopted by
developers for improving their effectiveness and innovativeness.

The reminder of this paper is structured as follows: the next section reviews current literature on
collaborative innovation and virtual spaces and describes the proximity framework. The third section
illustrates the research design. The fourth section presents the main results of the analysis, while the
last section presents proposition for further studies and discusses managerial implications for
supporting collaborative innovation in virtual spaces.

Literature review

Innovation in virtual collaborative spaces

Innovation is a social phenomenon emerging from the interaction of different actors, and it can be
seen as a process aimed towards the creation of something that did not exist before (Peschl and
Fundneider, 2014). Thanks to the rapid development of information and communication technologies
(ICT), organizations are increasingly exploiting innovative solutions to complex problems by promoting
collaboration in virtual spaces (Provan and Lemaire, 2015; Liu et al., 2017). Virtual collaborative spaces
are interaction spaces ‘for individuals, groups and organizations, mediated through ICT’ (Aslesen et
al.,, 2019, p. 669). Virtual collaborative spaces have been examined from different perspectives.
Teaching-related synchronous environments where students can cooperate remotely using virtual
reality (Nishide, 2011; Philippe et al., 2020); virtual communities operating in online platforms used as
co-creation spaces (Elia et al., 2020); innovation networks connecting firms, institutions, and inventors
via asynchronous online communication systems (Aalbers and Whelan, 2021); and open source
software projects in which individuals interact for revising and co-editing software code using public
channels of communication (O’Mahony, 2007). Overall, the role of technology to support
collaboration is the key element to understand these spaces. Technologies, such as the virtual reality
or virtual forums, have changed traditional workspaces and the way individuals interact, fostering the
re-definition of collaborative environments in light of interactions that are not physical anymore, but
virtual (Nassiri et al., 2010).

Scholars have discussed the benefits associated with virtual collaborative spaces and the positive
effects of accessing different sources of knowledge (Faraj et al., 2011; Germonprez et al., 2013; Akman
et al., 2019; Nohutlu et al.,, 2022). Indeed, in virtual collaborative spaces the support of digital
infrastructures allows for the quick spread of ideas. Space enables individuals to contribute to specific
projects and stimulates the open innovation process - thanks to the ICT support (Peschl and
Fundneider, 2014). Moreover, virtual collaborative spaces facilitate the execution of collaborative
tasks by spanning geographical boundaries. However, the notion of space in this context cannot be
reduced to its geographical dimension: geographical proximity is, in fact, not a sufficient condition to
promote innovation (Boschma, 2005; Mattes, 2012), and other measures of proximity need to be
considered. As Amin and Roberts (2008) pointed out, relational proximity can emerge also in virtual
contexts lacking in geographical proximity, thus challenging the role originally attributed to the idea
of physical distance between actors.
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The multidimensional concept of proximity in virtual collaborative spaces

In 2005, Boschma proposed one of the most widely used conceptualization of proximity, decomposing
it in the following five dimensions (see Table 1): geographical (spatial closeness), organizational (due
to organizational arrangements), institutional (similar rules or cultural norms), social (trust-based
relationships), and cognitive (same knowledge base and expertise). Yet, for several years research on
innovation in virtual spaces has followed the view of Morgan (2004, p. 5): the virtual space ‘may well
be a surrogate for physical proximity in the context of standardized transactions, but not in the context
of transactions which are high in complexity, ambiguity and tacitness’ — in Morgan’s view, physical
proximity is equivalent to geographical proximity. Studies in this vein assume that if individuals are
geographically close, they are more likely to have physical contacts in addition to the virtual ones and
thus collaborate. The virtual environment is primarily used to overcome geographical boundaries,
especially when supporting collaborative innovation (De Maggio et al., 2009; Sawhney et al., 2005)
and promoting knowledge exchange within organizations (Hwang et al., 2015). However, more
recently Capdevila and Mérindol (2022, p. 15) demonstrated that ‘the starting point of the
collaborative practices for innovation is not always the physical space’, and ‘virtual networks of
practices can act as precursors of local communities in collaborative spaces’. Their findings have
reversed the traditional perspective on the relationships between physical and virtual, but they have
not examined in detail the multidimensional concept of proximity in virtual contexts.

Table 1 about here

This research problem - how multiple dimensions of proximity influence virtual collaborative spaces -
is still poorly investigated, even if its importance has emerged as crucial (see Huang et al., 2013;
Capdevila and Mérindol, 2022; Clifton et al., 2022). Studies on collaborative innovation in physical
spaces found that geographical proximity and institutional proximity have a positive effect on
collaboration; organizational proximity is also supporting collaborative interactions; while cognitive
and social proximity are key but tend also to show an inverted U-shape curve - i.e. they foster
collaboration but only up to a certain point, after which similarities in terms of actors’ cognition and
trust have a detrimental effect on collaborative innovation (Ponds et al., 2007; D’Este et al., 2012;
Gilsing et al., 2008; Steinmo and Rasmussen, 2016; Chen and Xie, 2018).

In virtual spaces, spatial and temporal boundaries are blurred by the digitization of innovation, with
increased importance of socio-cognitive sensemaking (Nambisan et al., 2017). Digital technologies
facilitates the creation of shared understanding, shaping, and being embedded in, social relationships
between organizational actors (Zammuto et al., 2007; Kostis and Ritala, 2020); indeed, ‘digitalization
has substantially reduced the cost of testing ideas and incorporating feedback, which are crucial in
collaborative innovation’ (Caccamo, 2020, p. 188). In virtual collaborative spaces, users and companies
create communities for contributing to the development of innovative products and solutions, such
as for Threadless, Wikipedia, and Yahoo! Answers (Antikainen, 2011). Aslesen et al. (2019) pointed
out that knowledge exchange generated in such spaces is enabled by multiple proximity dimensions.
According to these authors, organizational, cognitive and social proximity can be seen as enablers of
collaboration in virtual spaces, even if it is unclear what is their ultimate impact on collaboration.
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Other studies highlight that social and organizational proximity are important for individuals and
organizations in virtual spaces (e.g., Korbi and Chouki, 2017; Pallot, 2011) because maintaining formal
and informal relational tie allows to strengthen collaboration. Still, these studies do not concentrate
specifically on virtual collaborative spaces, but virtual spaces in general. Moreover, Liu et al. (2017)
suggest that individual factors such as trust - which is linked to social proximity - have a positive impact
on collaboration, while institutional factors such as norms and regulations - linked to institutional
proximity - are relevant as well but potentially less impactful.

The above studies highlight different shortcomings in the research field of virtual collaborative spaces.
First, as innovation is influenced by the characteristics of the space in which it takes place (Corsaro
and Cantu, 2015; Enkel et al., 2020), findings from studies on physical environments should not be
expected to automatically extend to virtual ones. There are differences in the organization and
functioning of these environments, and such differences call for new approaches to advance theories
of digital innovation management (Nambisan et al., 2017). Second, while proximity as an antecedent
of collaboration in physical spaces has been disentangled in its multiple dimensions, in virtual spaces
it remains mostly confined to its geographical dimension. Such a view is rooted in the idea that the
primary goal of virtual spaces is to span geographical boundaries, even if the existing literature
(Nambisan et al., 2017; Kostis and Ritala, 2020) has discussed how digital technologies redefine the
spaces for interaction completely, with different social interactions being brought forward by
collaboration in virtual spaces.

Research design

Empirical setting and data

The Linux kernel is an established and large open source software. Linux Software developers routinely
collaborate on the source code while being scattered across the globe. Developers can work for
private companies, research organizations, or even be nonprofessional contributors (Dalle et al., 2022;
Schaarschmidt, 2022). Already at the beginning of the 2000s companies from different countries were
paying their employees to work on the development of the kernel (Hertel et al., 2003). Nowadays only
about 8% of contributions to the Linux kernel are made by unaffiliated software developers who
participate on a volunteer basis (Corbet and Kroah-Hartman, 2017). This subsystem collaboration
occurs online over more than 240 separate mailing lists.

The Linux kernel documentation helps define this collaboration space by stating that if a participant
wants to contribute source code into the Linux kernel, the code must be submitted in the form of a
patch to the relevant mailing list where other Linux kernel developers can review and comment on it
(Kernel development community 2023). Comments lead to changes and the collaborative editing of
these contributions. Indeed, mailing lists have been identified as a primary tool for collaboration in
empirical research on open source software (e.g. Toral et al., 2009).

The fact that the Linux kernel mailing lists constitute the virtual space for collaboration regardless of
physical location, employer, specific areas of technical expertise, or other factors was also
independently confirmed by collecting primary data: 16 semi-structured qualitative interviews were
conducted with Linux software developers chosen using purposive and strategic sample selection
methods. The interviews were between 30 and 80 minutes in duration and were mostly conducted

6



Draft — please do not circulate or cite without permission of the authors

via online video chat with one in-person interview and two conducted via email. All interviews were
conducted between May 12, 2015 and May 19, 2017. Intensity and maximum variation sampling
strategies were adopted when setting out the sample selection criteria. Interviewees were all
experienced Linux contributors who were at the time or had been in the recent past employed to work
on the Linux kernel by a variety of third-party organizations. Interviews stopped when data saturation
had been reached. The full interview guide is presented in Appendix B.

When asked about where they thought collaboration happened, the interviewees consistently
mentioned the official mailing lists, where they iterated on new code contributions and general ideas
for the Linux kernel. This is best summarized by the following quotes for two interviewees: ‘The 24/7
collaboration that happens is on the mailing list discussions. That’s the big measure’ and ‘Email is a
hard medium to have an argument in. We are probably better at it than anybody else in the world
because we do it all the time.” Given the convergence of official documentation and interview
evidence, for the purpose of this study the Linux kernel mailing lists were identified as the virtual
spaces where to investigate the impact of proximity on collaboration.

Specifically, the linux-pci@vger.kernel.org was chosen amongst the 240 existing Linux kernel mailing
lists for the purpose of data collection and modelling. This is the virtual space where Peripheral
Component Interconnect (PCI) drivers for the Linux kernel are developed, and it was selected for two
primary reasons. First, the PCl mailing is one of the top 20 mailing lists as measured by the number of
times it is listed in the maintainers file and has 350 active subscribers as of February 2023
(vger.kernel.org, n.d.). Second, the PCl mailing list is a typical example of a top Linux kernel mailing list
as defined by being closest to the median for both the overall number of replies and the time it takes
for people to reply to a message.

To operationalize both collaboration and proximity dimensions a data set was created combining
mailing list data, source code data, and affiliation data on all Linux kernel developers. Both the Linux
mailing lists, and source code are publicly available. The source code was downloaded and stored into
a database using the CVSAnalY software. The PCl mailing list was imported into a database using the
MailingListStats software (Robles et al. 2009).

Affiliation data of kernel developers is not public information. An initial dataset containing employer
affiliations was obtained from The Linux Foundation directly. This snapshot captured information for
the 2013-2015 period approximately. However, this was incomplete for many mailing list members
and lacked dates for job changes for those that had changed jobs during the observation period. The
missing information was found accessing other online resources. As a result, a mostly complete data
set tracking the job affiliations of the PCl mailing list members during the observation period was
obtained. Only in cases where people changed jobs and there were gaps or overlaps that did not
provide reliable dates the midpoint between dates of posts from employer email addresses was taken
as the date of the job change. In almost all cases the resolution of gaps and overlaps was
straightforward and univocal upon manual data inspection and cleaning. Furthermore, the choice of
midpoint dates versus any other date in between email activity with two different affiliations does not
affect our analytical strategy (see Appendix A section for more details). The identity of actors was
matched across mailing list, source code contributions, and affiliations using custom-made scripts and
manual checks.
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Linux kernel development happens in cycles with regular releases. To align with these release cycles,
the observation period was set with the 3.12 release of the Linux kernel on 2013-11-03 as the start
date and the 4.3 release on 2015-11-01 as the end date. During this time period 12 Linux kernel
releases happened.

Our final data set contains 10,513 message replies to the PCl mailing list by a total of 654 members
active during the observation period, all their code contributions to the Linux kernel, and their
employment affiliation data.

Variables

Dependent variable: collaboration events

In our setting collaboration happens as replies to emails are exchanged by software developers on a
mailing list. Thus, we define a single collaboration event between two developers as the email reply
that a developer (ego) sends to a message previously posted by a fellow developer (alter). A similar
approach for measuring collaboration events was used by Quintane et al. (2014) and Quintane et al.
(2022). As alter shares, for example, a new proposal or some piece of code, ego collaborate on them
by offering comments, advice, and code changes in their email reply. Our data set identifies 10,513
collaboration events, each between pairs of the identified 654 PCl system developers. This
chronologically ordered sequence of collaboration events is our dependent variable.

Independent variables

We construct a series of independent variables to capture the factors that might make a collaboration
event significantly more — or less — likely. These variables capture a characteristic of either ego (the
sender in a collaboration event), alter (the receiver), or of both as a pair in each collaboration event.
The variables we construct for proximity all capture characteristics of the ego-alter pair. Proximity
variables are defined following Boschma’s (2005) five dimensions introduced earlier.

Geographical proximity is operationalized using time zone similarity (O’Leary and Cummings, 2007;
Chen et al., 2020), since in the case of online communities such as the Linux kernel, there is no spatial
dimension to measure (Boschma, 2005; Torre, 2008; Gulati et al., 2012). This measure is normalized
to a value between 0 and 1, and its reciprocal is used for estimating the Geographical Proximity
variable. Organizational proximity measures whether both ego and alter work for the same employer.
An Organizational Proximity variable is calculated as a dummy with a value of 1 indicating that both
ego and alter work for the same employer or 0 otherwise in a method similar to several proximity
studies (Cassi and Plunket, 2015; Crescenzi et al., 2016). Institutional proximity uses the employer
affiliation data with a mapping that matches employers to four types of institutions: corporation, non-
profit, academic, and hobbyist (unaffiliated). If both actors are employed by the same type of
institution, the Institutional Proximity variable is set to 1, otherwise, it is O (similarly to Cao et al.,
2019). Only if an actor’s affiliation cannot be determined, it is assumed that the person is unaffiliated
and included in the hobbyist category. Participation on mailing lists occurs within threads. Over time
developers participating in the same threads develop a sense of increased familiarity and closeness
because of this shared experience — which increases the presence of trust. Thus, we define the Social
Proximity variable as the number of times prior to the collaboration event ego and alter participated
in the same mailing list threads. Finally, cognitive proximity is operationalized by considering the
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similarity between sections of the Linux kernel code where two individuals have contributed. Our
interviews with kernel developers confirms the fact that substantially different knowledge and
expertise is required to contribute to the various sections. We determine similarity in contributions to
these sections of the source code using a cosine similarity formula, which has been previously used in
the proximity literature to operationalize cognitive proximity (Hardeman et al., 2015). As a result, the
Cognitive Proximity variable takes a value between 0 and 1. The variable is also set to 0 if either person
has not committed code at all. Empirical research within the proximity literature has shown that
cognitive proximity and social proximity may take the form of an inverted u-shaped curve indicating
an increase of the effect of the variable of interest only up to a certain point where further increases
in cognitive or social proximity start to have diminishing returns (Nooteboom, 1999; Sorenson et al.,
2006; Nooteboom et al., 2007; Gilsing et al., 2008). To account for this finding, quadratic versions of
the respective variables are also calculated.

Besides proximity, future collaboration events are also bound to be significantly more — or less — likely
depending on what collaboration events ego and alter have been part of in the past. This is potentially
true also when ego and alter becomes linked by chains of collaboration events involving other
developers. These factors can affect collaboration events independently of the levels of proximity
between ego and alter, since any interaction between two actors builds over time a structural
embeddedness that is known to affect future interaction (Gulati and Gargiulo, 1999). Quintaine et al.
(2014) have documented the impact of these structural factors on online interactions of opens source
developers. To distinguish between these structural factors and proximity dimension, we build a series
of independent structural variables to be used as controls in our analysis following Butts (2008).

Three variables are constructed to capture the effect that past collaboration events between ego and
alter might have on future collaboration events between the same ego and alter. Repeated
Collaboration occurs when a developer might be more likely to reply again to an email sent by a
developer they replied to in the past. Participation shift captures the fact that an email reply might
make ipso facto an immediate reply back more likely than any other message to the mailing list. The
Recency effect captures the diminishing chance of a reply triggering a reply back as messages newer
than the initial reply arrive to the mailing list (i.e., the initial reply being ‘recent’, but not the latest
message sent to the mailing list).

Four variables are constructed to capture the effect that past collaboration events might have on
future collaboration events between ego and alter. Transitive Closure is measured by counting the
number of third parties that an ego has replied to where those third parties have also replied to the
alter. Cyclic Closure measures the effect in the other direction by looking at the number of third parties
an alter has replied to where that third party has also replied to the ego. Shared Collaboration Partners
Inbound and Shared Collaboration Partners Outbound instead capture the possible effect on future
collaboration events of two developers having been repeatedly involved in collaboration events with
the same group of other developers —respectively as the initiators or receivers of those events. These
two variables can be conceived to capture the tendency for some of the developers to form closer-
knitted, localized collaboration groups - see Robins et al. (2009) for a technical presentation of this
type of relational variables.
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Finally, independent variables are also constructed to account for three characteristics of ego that
might make them more likely to reply to emails to the mailing list: (a) being a mailing list maintainer
to capture the role they have in the community; (b) prior code commits to capture individual
contribution to the Linux kernel code; (c) being in CC of the mail thread as adding someone in the CC
field of a message to a kernel mailing list is a recognized practice used to increase the chances of a
reply (Kernel Development Community, 2021).

Most of the independent variables presented so far are calculated by stratification. For each reply sent
to the PCl mailing list, we look back at the past sequence of email replies sent, past code contribution,
and affiliation history up to that moment. Going back to the first event can however be
computationally intensive and unnecessary in this context. It is common practice to define a time limit
for how far in the past these calculations will go based on the empirical context (e.g., Butts, 2008;
Quintaine et al., 2013; Quintaine et al., 2014). The Linux kernel development happens in cycles with
regular releases and collaboration also follows this pattern. Thus, the median kernel release timing of
63 days for the 12 cycles in our observation period was selected by approximation as our time limit
and a moving window of 63 day is used in our calculations.

All operational definitions for the calculated variables are reported in Table 2. More details on how
the variables are constructed are reported in Appendix A. Descriptive statistics for all calculated
variables and correlations are reported in Table 3.

Methods

Butts (2008) introduced a flexible relational event framework that can be used for modeling events or
actions in social settings using likelihood-based inference for effects with complex interdependence
that influences behavior. Relational event models (REM) are based on relational events, defined as
events generated by a sender directed toward a receiver and are represented by sender, receiver,
action type, and time (Butts, 2008). REM use a sequence of actions generated by egos and directed
toward alters to directly estimate what variables have a significant effect on the likelihood of future
events (Butts, 2008).

Mailing list replies with a sender, and time stamp for each message like the collaboration events we
defined provide the ideal data structure for relational event models. Here we use REM to test if
proximity with other developers makes a developer more or less likely to initiate a collaboration event
with them. REM are chosen because they model sequence data without losing information through
aggregation (Quintane et al., 2014) and allow for the effect of each proximity variable on collaboration
events to be estimated independently. They offer a multivariate statistical framework where the
effects of structural and other control variables can also be controlled for.

The ordinal version of REM can be estimated using conditional logistic regression, and one option is
to use a Cox regression estimated using maximum likelihood estimates (Quintane et al., 2013). The
probability of a collaboration event between two individuals, i and j can be estimated using a
conditional logit model as described by Greene (2012) and used in a similar study by Cassi and Plunket
(2015).

10
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_exp(xi;B)

R (eq. 1)
Yo Xij

where x represents a vector of covariates and 8 represents a vector of the parameters to be estimated.

The models we report are estimated in R (R Core Team, 2022) using the function clogit within the
survival package (Therneau, 2021), which makes use of coxph function internally. The estimation
procedure scales and centers the raw variables, which leads to more numerical stability without
changing the results of the regression analysis.

See Appendix A for further details on the chosen estimation procedure and variables construction.

Table 2 and Table 3 about here
Results

The estimated models are reported in Table 4. In the Baseline Model the chances of a collaboration
event happening can only be affected by the individual history of past collaboration events between
the same ego and alter (Repeated Collaboration). Heuristically, the goodness-of-fit diagnostics listed
in Table 4 indicate that the Full Model improves significantly on the Baseline Model after accounting
for the difference in degrees of freedom.

In the Benchmark Model Repeated Collaboration is positive and significant, although relatively small,
indicating that an increase of one standard deviation in Repeated Collaboration generates an increase
of 0.6% (exp(0.006) = 1.006) in the hazard of a future collaboration event happening (i.e., an increase
in the chances of it happening) for each repeated event happened in the past. The effect becomes
nonsignificant in the Full Model. This means that once both proximity and structural control variables
are included in the model, the simple count of past collaboration events between ego and alter is not
a good predictor of future collaboration events between the same ego and alter.

Table 4 about here

Continuing with the Full Model, Institutional Proximity is negative and significant, indicating that a
collaboration event is 27.2% (exp(-0.317) = 0.728) less likely if ego and alter are from the same type
of institution (company, non-profit, academic, or unaffiliated). This result is consistent with Cassi and
Plunket (2015) who found that for tie formation in patent collaboration networks, institutional
proximity had a negative effect that could be a result of the risk associated with working with
competitors. With participants employed by many competing firms, the negative influence on the
likelihood of collaboration in the Linux kernel could also stem from competitive pressures. In contrast,
Organizational Proximity is positive and significant, which indicates that a collaboration event is 87.2%
(exp(0.627) = 1.872) more likely if both people are employed by the same third-party organization. In
the Linux kernel, if a specific technology is closely tied to a third-party organization’s technology, other
employees might be the ones with the most expertise to provide feedback and collaborate.

11
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The Cognitive Proximity effect is positive, significant, and very strong, indicating that a collaboration
event is 539.8% (exp(1.856) = 6.398) more likely between two people who have contributed to the
same sections of the Linux kernel source code during the moving window. In combination with the
negative and significant squared effect, the results indicate that cognitive proximity has an inverted
u-shaped curve (see Figure 1), leading to the conclusion that the likelihood of collaboration increases
strongly and quickly as the cognitive proximity between two developers increases, but only up to a
point. After that, the marginal effect of an increase in cognitive proximity has diminishing returns for
collaboration events between people who contribute to many of the same sections of code.

The Social Proximity effect is also positive, significant, and very strong, indicating that a collaboration
eventis 186% (exp(1.052) = 2.863) more likely between two people who have participated in the same
threads on the mailing list during the moving window. This indicates the presence of trust, strongly
related to social proximity (Boschma, 2005). This is also in line with evidence that trust, built over time,
is a key element in online communities (Toral et al., 2009). Like with cognitive proximity, the squared
effect for social proximity is negative and significant, again indicating that the likelihood of
collaboration increases initially but has diminishing returns for people who have participated in many
of the same threads (see Figure 1).

Figure 1 about here

The Geographical Proximity effect is nonsignificant; thus, the model provides no evidence that being
in similar time zones influences the likelihood of collaboration. Further analyses show that
Geographical Proximity becomes nonsignificant when the structural control variables are added to the
model. What could have been mistaken for an independent effect of geographical proximity on the
likelihood of collaboration in a virtual space, is instead explained by the structural patterns that
collaboration follows — once they are accounted for in the model.

Despite not affecting the ability to estimate the model correctly, some of the correlations between
proximity variables are relatively high (see Table 3). This cannot be explained by the variables
measuring proximity between contributors along the same axis since the variables are all
operationalized without overlap, using data coming from different sources. Further analysis would be
required, but the correlations reported at least suggest that the variables are indeed capturing related
dimensions of the same general concept of proximity.

When looking at the effect of structural variables, we see that the Recency effect is significant —and
positive — but the Participation Shift effect is not. This indicates that a collaboration event is 141.6%
(exp(0.882)=2.416) more likely if the alter has recently emailed the ego, without the need for it to be
exactly the most recent email ego has received. These results suggest that collaboration happens in
bursts between pairs of developers, with relatively recent collaboration events having a cumulative
effect on the likelihood of further collaboration happening short-term.

The effects for Transitive Closure and Cyclic Closure are both positive and significant. For transitive
closure, the results indicate that each collaboration event that leads to the formation of collaboration
ties between triplets of developers increases the likelihood of collaboration by — respectively — 3.7%
(exp(0.036) = 1.037) and 9% (exp(0.086) = 1.090). Together with the negative and significant effects
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for the Shared Partnership Inbound and Outbound, these results suggest that very localized clusters of
developers tend to form chains of collaboration events significantly increasing the likelihood of future
collaboration.

The Alter maintainer effect is negative and significant, indicating that collaboration events are 5.7%
(exp(-0.059) = 0.943) less likely to occur if alter is a maintainer. The negative and significant Alter
Maintainer effect combined with a positive and significant Either Maintainer effect indicates that a
collaboration event is more likely if ego is a maintainer — and more so if both ego and alter are. The
Alter Committer effect is negative and significant indicating that a collaboration event is 19.5% (exp(-
0.217) = 0.805) less likely if alter has had source code committed. Combining the negative Alter
Committer effect with the positive effect of the Either Committer variable indicates that a
collaboration event becomes more likely if ego has committed code — and more so if both ego and
alter have. The similarity with the results for Committer variables is explained by the fact that
developers with more prior code contributions to the kernel also become more selective and less
available for general collaboration, even if they have not become maintainers. Finally, the Ego in Copy
effect is positive, significant, and extremely strong, indicating that a collaboration event is almost 30
times (exp(2.618) = 13.708) more likely to happen if ego’s email address is included in either the ‘To’
or ‘CC’ fields of the initial email. This result is not surprising, because as described previously, this is a
documented practice when submitting software patches for the Linux kernel that signals a much
higher priority to be given to the message by the community.

Discussion and conclusion

This study examines the importance of different dimensions of proximity on collaboration between
members of a virtual collaborative space. By focusing also on the structural patterns established by
actors in this virtual space, the paper makes important contributions to the literature. A recurrent
assumption from previous studies is that these spaces are created to span geographical boundaries;
while other dimensions of proximity are at play in influencing collaboration, current studies provide
limited empirical evidence about their effects. Our work contributes to the literature on innovation
and virtual collaborative spaces by adding novel insights on the influence of proximity as an
antecedent of innovation. It demonstrates that virtual spaces are characterized by complex intra and
inter-organizational interactions, confirming therefore the need for deeper theorizing. In this vein, we
position our research in line with recent studies which are encouraging to move beyond traditional
intra-organizational studies (e.g., Provan and Lemaire, 2015) and call for novel approaches to
investigate individual and organizational factors influencing collaboration in virtual spaces. Virtual
collaborative spaces are characterized by the presence of individual contributors and organizations;
the collaborative relationships developed in these spaces have a clear inter-organizational feature —
even if intra-organizational aspects are present as well, since collaboration is possible also between
individuals employed by the same organization. This research demonstrates that proximity theory can
be used effectively as a theoretical lens to better understand collaborative innovation in virtual
collaborative spaces. In traditional organizations, collaboration can be enforced by hierarchy;
however, the flexible boundaries and evolving structures of these communities require that
participants rely on common ground to facilitate effective collaboration. Proximity theory is one way
of understanding such common ground and the results from our study about the impact of different
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forms of proximity on collaboration provides fertile ground to develop propositions to be tested in
future research.

Results of our analysis suggest that geographical proximity is not the primary antecedent for
collaboration in virtual collaborative spaces. This finding is partially contradicting those reported by
Morgan’s argument (2004) that virtual spaces cannot fully replace geographical proximity, especially
when developing innovation. Morgan’s idea (2004) has been supported by the works of Stephens and
Poorthuis (2015) and Takhteyev et al. (2015), which found that virtual environments can reduce the
constraints imposed by the physical space, but they cannot completely remove them. Instead, our
study demonstrates that virtual spaces are characterized by complex intra and inter-organizational
interactions, confirming therefore the need for deeper theorizing.

Our results corroborate the idea that effect of cognitive proximity and social proximity on
collaboration take the form of an inverted u-shaped curve. This is consistent with previous studies
(Boschma, 2005; Sorenson et al., 2006; Nooteboom et al., 2007) and suggests that in this respect
virtual collaborative spaces do not differ from physical spaces. To use knowledge effectively and reach
successful innovation targets, individuals must consider that similar cognitive skills reduce
innovativeness past a certain threshold, because heterogeneous knowledge is needed for creativity;
moreover, too much social proximity can weaken the collaborative process because of the efforts
needed to maintain multiple contacts, and because of the challenges emerging from managing large
groups of people -— especially in the context of virtual collaborative spaces, which are supposed to
reduce the constraints imposed by hierarchical structures. The fact that some of our results
corroborate existing knowledge, while others differentiate virtual collaborative spaces from physical
ones, lead to the following proposition:

Proposition #1: Proximity — in its various dimensions — influences collaboration in virtual and physical
spaces differently.

A second proposition can be developed looking at the combined results for organizational and
institutional proximity. Organizational proximity — working for the same employer in our context —
produces an increased likelihood of collaboration, which confirms Provan and Lemaire’s results
(2015): the more individuals have an easy access to others, the more they can establish strong
collaboration ties — and this ease of access can be offered by the company for whom these individuals
work. However, this result together with the negative coefficient for institutional proximity can be
interpreted as an indication of the existence of competitive dynamics within the community (as
highlighted by Germonprez et al., 2013), whereas previous studies (e.g., Teixeira et al., 2021) found
that online communities support inclusiveness and try to minimize rivalry. The result for institutional
proximity also supports the idea that individuals establish connections with other developers to
maximize the benefits of being in contact with people with different expertise — and therefore
improving the own effectiveness and innovativeness of their own contributions (Faraj et al., 2011).
These considerations support the development of a second proposition:

Proposition #2: Virtual collaborative spaces are characterized by simultaneous interplay of
competitive and collaborative dynamics.
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Our findings have managerial implications. As highlighted by Liu et al. (2017, p. 664), organizations —
as well as individuals — need to understand ‘the importance of sharing similar values with the
development partners in a network if they are to join it’. Our results suggest that institutional
proximity has a negative effect on collaboration: managers need to take this into account when
deciding to promote collaborations and engagement of their affiliates in open innovation projects that
cross institutional boundaries. Moreover, promoting interactions in virtual collaborative spaces
requires finding a suitable employee to participate or possibly involve someone who already
contributes to the project. Based on the cognitive proximity findings, it is important to select
individuals with skills that are appropriate for the areas of the project where they are expected to
contribute; participating in multiple areas might allow them to generate more innovative ideas.
However, a balance of consolidated experience and novel expertise is preferable for establishing
collaborative ties, as indicated by the u-shaped cognitive proximity curve: managers should focus on
understanding how individuals with shared competences can be allocated to different project areas
and thus create synergies useful to address problems requiring multifaceted perspectives. Potential
opportunities for collaboration in virtual spaces should therefore consider: a) the importance of being
exposed to a variety of knowledge and information; b) the constraints imposed by the number of
collaborations that can be established; c) the issues raised by competitive behaviors, and how to
address them.

Finally, we need to acknowledge the limitations of our study. First, we investigated a case study of
software developers in a single open source software community, which implies that our work might
lack in generalizability. Second, while mailing lists have been widely used to study collaboration in
open source software communities (Toral et al., 2009 and 2010), we did not concentrate on exploring
the content of the messages shared. This information could allow us to identify key themes or
problems discussed, or the sense of belonging to the community by the developers. Future studies
could look at this aspect and determine if the content of the conversation can be considered a driver
of collaboration itself, and if it is associated with developers’ proximity. Also, the conceptualization of
proximity measures - and the moderation effect of one (or more) measures on others - can be the
subject of further discussion. We have followed Boschma’s approach (2005) and adapted it to the
virtual environment. However, other approaches to measuring proximity can be used: in particular,
cognitive and social proximity can be measured by collecting primary data on shared interests,
experiences and skills, friendship - and potentially looking at proximity in a dynamic perspective (see
Oberg, 2018). Another research avenue that deserves further investigation relates to the influence of
the organizational environment in which developers work. Some developers work for large
corporations, while others for small companies; it would be interesting to understand if company size
and structure are relevant to explain collaboration propensity. Finally, researchers should investigate
the intrinsic motivations behind the contribution of developers and test if different motivations affect
the way they collaborate in a virtual space.
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Appendix A
Sampling Approach

In REM independent variables are calculated for each unrealized event in addition to the realized
event to allow the model to compare the events that could have occurred with the event that actually
occurred. This comparison is needed to determine which variables influence the likelihood of a
collaboration event. However our dataset is composed of 10,513 realized events and it would be
computationally prohibitive to calculate all the variables for every possible unrealized event.
Therefore, a case-control approach (Sorenson and Stuart, 2001; Sorenson et al., 2006; Cassi and
Plunket, 2015) is used with a sampling strategy where each realized event is compared to a sample of
unrealized events made up of randomly selected messages that an ego could have, but did not, select
for areply.

Figure 2 and Figure 3 about here

These unrealized events are sampled at random from a pool of messages posted in the previous seven
days that could have been replied to as alternatives to the realized event. The seven-day cutoff is
chosen to control for the temporal variation characterizing our dataset. As shown in Figure 2, the PCI
mailing list gets anywhere from only a few posts to over 140 posts per day. Mailing list replies are also
not equally likely over the entire dataset: it is highly unlikely that a two-year-old message will ever
receive a reply while recent messages are much more likely to receive replies. Realized events should
be compared only to recent messages that are likely to receive a reply with recent messages defined
as seven days for two reasons. First, each weekday has more than four times the number of messages
posted on the PCI mailing list as compared to a weekend day (see Figure 3), so a time period that is a
multiple of seven is required to take this variance into account. Second, most replies on the PCl mailing
list occur within a short time from the message being replied to (median is 7.2 hrs and 3rd quartile if
1.5 days), and 89.3% of replies to original messages on the PCI mailing list are sent within seven days
of the original message making seven days a reasonable choice given the characteristics of our
empirical setting.

A sample size of five unrealized controls was selected after reviewing several studies using similar
models. Cassi and Plunket (2015) used proximity theory to study collaboration between co-inventors
on patents with undirected ties by sampling five controls per co-inventor for a total of ten controls
per event. In another proximity study, Sorenson et al. (2006) investigated knowledge flow via patent
citations using a random sample of four patents that were not cited as controls. Other studies have
used only one event as a control. For example, Sorenson and Stuart (2001) studied venture capital
networks by sampling one unrealized venture capital investment as a control, and Agrawal et al. (2006)
used a single patent as a control for each realized patent that could have cited it, but did not.

With a matched case-control approach, the proportion of realized events to controls is higher than
the proportion of possible events in the population, which can result in underestimated coefficients,
so smaller sample sizes may have an advantage over larger samples (Sorenson et al., 2006). To adjust
for potential correlation within each group of realized events plus controls, the cluster robust option
is used in the model to obtain robust standard errors (Cassi and Plunket, 2015) while keeping in mind
that robust standard errors might not fully correct for heteroskedasticity in error terms for non-linear
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models. In some instances, rare event models might be appropriate to address this issue when the
proportion of realized events to possible unrealized events is quite small (less than 0.005%) (Cassi and
Plunket, 2015); however, with a median of 25 posts per day over seven days, the five unrealized
control events will be sampled from a pool of approximately 175 messages, so the events are not
particularly rare; therefore, a rare event model was not used.

Independent variables

Moving window

Some of the independent variables presented here are calculated using past history over a moving
window of time. Because Linux kernel development happens in cycles with regular releases, the
median kernel release cycle timing of 63 days was selected as the moving window length to capture
as much of the cycle variation as possible. This also allows the moving window to be a multiple of
seven to ensure that each moving window includes full weeks of data to take into account the
weekday / weekend variance described earlier.

Proximity variables

Proximity variables are presented in detail in the Research Design section of the article. Here more
details on the cosine similarity approach used when constructing Cognitive proximity are presented.
Cognitive proximity is operationalized by determining similarity in contributions to different sections
of the source code using a cosine similarity formula, which has been previously used in the proximity
literature to operationalize Cognitive proximity, but with journal contributions, instead of source code
contributions as the source (Hardeman et al., 2015). The total number of sections of the code that are
shared by the ego (A) and the alter (B) is divided by the product of the square root of sums squared
for the ego and the alter.

=1 4;B;

A7 [T B

Cosine Similarity =

(eq. 2)

This results in a number between 0 and 1 with 0 indicating that the ego and alter have not contributed
to any of the same sections of the source code, 1 indicating that they have contributed to exactly the
same sections of the source code, and 0.5 if each person has contributed to more than one section of
the source code with half of them shared and the other half not shared. The variable is also set to 0 if
either person has not committed code within the moving window.

Structural control variables

Structural variables are presented in detail in the Research Design section of the article. Here the
calculations required for their construction is exemplified in Figure 4. Starting at the bottom, at time
t = 0 is the realized collaboration event in the sequence of all realized events for which the structural
variables are currently being calculated (for estimation purposes this procedure is repeated for all
realized events in the data set). This event at the bottom of the figure is our current ‘target’ - i.e., the
reference point for the calculations required to construct the structural control variables.
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In Figure 4 this target event represents a message sent by developer e (ego, blue circle) to developer
a (alter, pink circle) and is shown an arrow going from ego to alter. The colors in the figure are used to
help distinguish ego, alter, and other developers (i,j,k green circles). All the structural variables are
calculated relative to this target event by going backwards and checking all of the collaboration events
(mailing list replies) existing in the sequence during the past 63-days moving window we previously
set. In Figure 4 the sequence is exemplified with 11 realized prior events (solid black circle outlines
and arrows). Five sampled unrealized events for each realized event are also represented (dashed
black circle outlines and arrow). For example, the event immediately prior in the sequence happens
to be another reply from the current ego (e) to the current alter (a). Since this sequencing is captured
by the Repeated Collaboration variable, its score is increased by one. If we keep going back we might
find more events with the same characteristics in the sequence that would also contribute to the
Repeated Collaboration variable. The third event prior happens to be instead a reply from the current
alter (a) to the current ego (e). The event involves the same two developers, but the direction of the
reply is reversed. This sequence is captured by the Recency Effect variable. Its score is set to 0.5
because alter (a) has sent two messages to other developers in between the developer a to developer
e, then developer e to developer a sequence that the Recency Effect variable captures. Events involving
other developers (i, j, k) are also used in the calculations of the two Closure and Shared Collaboration
Partners variables.

In Figure 4 some events involving other developers (i, j, k) and the current ego and alter are included
in the sequence for illustration. In Figure 5 the sequences that — if found — would add to the counts
for the two Closure and Shared Collaboration Partners are presented separately for further
clarification. The same target event used in the example illustrated in Figure 4 is at the bottom of the
four sequences. The arrows joining other developers with ego and alter represents the events in the
sequence that would contribute to each of the variables individually. For example, all events in the
sequence prior to the target event where ego has messaged other developers that then have
messaged alter (notice the direction of the arrows in Figure 5) would contribute to the calculation of
the Transitive Closure structural control variable specifically.

Figure 4 and Figure 5 about here

Other control variables

The remaining control variables are briefly introduced in the main text and are presented in detail
here. Because the ego is the same for the realized event and the randomly selected unrealized events,
the ego remains constant and ego effects cannot be directly measured using REM, so the independent
variables are focused on alter effects and dyadic covariates (Cassi and Plunket, 2015).

Three variables are used to take into account three factors specific to our empirical setting that may
influence collaboration events. First, maintainer variables were used to take leadership positions into
account for people who were maintainers at the time of the event. These maintainers are the people
responsible for reviewing contributions and determining which code is eventually accepted
(committed) into the Linux kernel (Lee and Cole, 2003; Schneider et al., 2016). For maintainers, the
process of reviewing contributions is often collaborative. Maintainers reply to mailing list messages
with feedback or questions and others reply to provide answers or additional information, both of
which would generate additional collaboration events. Alter Maintainer is a dummy variable set to 1
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if the alter for the event is a maintainer and 0 if they are not a maintainer. While ego effects cannot
be included directly in the conditional logit model, the ego effect for maintainer can be inferred by
comparing the Alter Maintainer effect with a second variable that measures whether either the ego
or the alter is a maintainer, since any change in the likelihood of collaboration when compared to Alter
Maintainer would indicate an effect that could be attributed to ego maintainers. Either Maintainer is
a dummy variable is set to 1 if the ego and/or the alter are in a maintainer role and set to 0 if neither
is @ maintainer.

Second, commit variables are used to determine the influence on collaboration for people who have
submitted code that has been included into the Linux kernel during the moving window. Code commits
demonstrate that a person is involved in the project beyond mailing list conversations and the number
of commits acts as a measure of activity or technical contribution to a project (von Krogh et al., 2003;
Dahlander and O’Mahony, 2010). Within the Linux kernel, committing code is also a collaborative
process. Since committers are more deeply involved in the project, they would be expected to be
more active on the mailing list and thus generate more collaboration events. When a committer
contributes new code, they post it to the mailing list in the form of a patch where they would then be
expected to respond to feedback or answer questions, which would generate additional collaboration
events. Itis also possible that some committers would review and provide feedback on code submitted
by others, especially in areas related to previous contributions or changes to code they have authored
or previously modified, which would again generate additional collaboration events. Alter Committer
is a dummy variable set to 1 if the alter for the event has committed code and 0 if they have not. Like
with the maintainer variables, a second variable measuring whether either the ego and / or the alter
have committed code can help in understanding the ego effect. Either Committer is a dummy variable
set to 1 if the ego and/or the alter have committed code and 0 if neither has committed code.

Third, whether the ego was explicitly included in the ‘To” or ‘CC’ field of the email being replied to in
addition to the email being sent to the mailing list has been included as a variable, since this is a
recommended practice within this setting (Kernel Development Community, 2021). This is often done
to get the attention of the maintainer when submitting Linux kernel patches (Kernel Development
Community, 2021). It is also used when replying to preserve the email address of the person being
replied to, along with any other individual email addresses in the ‘CC’ field (Kernel Development
Community, 2021), which can be included to get the attention of people who are likely to be interested
in a particular patch or discussion. Because the Linux kernel mailing lists can generate hundreds of
email messages per day, many Linux kernel developers use sophisticated email filters that send the
messages to folders unless they are explicitly mentioned in the ‘To’ or ‘CC’ field. Including someone in
the ‘To’ or ‘CC’ field is intended to increase the likelihood of a reply, which would generate a
collaboration event. Ego In Copy is set to 1 if the ego was explicitly included in the ‘To” or ‘CC’ field of
the original email that was replied to and otherwise is set to 0.

Affiliation data cleaning

When testing for the effect of proximity dimensions on collaboration events we want to control for
the structural embeddedness of the developers. In other words, we do not want structural factors
influencing how they interact to be confounded with the effect of proximity dimensions. To do so we
build structural control variables and adopt the REM framework. However, this modeling framework
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implicitly interprets the absence of an actor — or of an event between two actors — as meaningful
information. Because of that it is important to keep missing or incomplete data about the developers
to a minimum.

This includes affiliation data for which careful data cleaning was needed, because to allow for the
calculation of proximities it is assumed that a developer only has one employer affiliation at a time.
After the initial data collection, approximately 22% of developers in the mailing list had overlapping
affiliations. The vast majority of these overlaps were very straightforward to sort out. Two scenarios
occurred. In some cases, one last reply was sent from the previous company’s email address and the
next one from the same developer was sent from the new company’s email address. In this scenario
the mid-point was picked as the "job change date" when there was no email activity between the 2
dates. Since we use the sequence of events and not exact dates in the REM estimation, exactly when
the change appended between those two dates does not affect estimation at all. In other cases, the
overlap was a fluke only due to a developer sending an email to the mailing list from their old account
from the previous employer in between a series of emails from the new employer’s account. Very
likely this happened by mistake, for example using a computer where they were still log in with their
old account early on in their new job. In our discussions with kernel developers this was confirmed
informally to be a not uncommon occurrence. In those cases, the overlap is not real, and data were
cleaned accordingly to reflect the correct affiliation of the developer at the time.
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Appendix B

Interview guide

Introduction
____Put the subject at ease with an introductory question.

® Q: Please tell me about how you first got involved in Linux kernel development.

Paid Software Development
____ Employment situation — current / past (may have been covered in intro question)

e Q: Would you tell me about the first time you were paid to do kernel development?

e Q: Would you tell me more about your role at ...?

e (Q: How many hours per week would you say that you spend working on the Linux kernel?
____Reasons for employer to pay kernel developers.

e (Q: What would you say is the primary reason that your current employer pays you to do
this work?
0 Q: What are some of the other reasons?
0 Q: What are some of the other benefits to the company?
____ Company involvement in day-to-day work

e (Q: How does your current (or most recent) employer get involved in providing direction for
your Linux work?

0 Ifyes, Q: How much of the work is at your own discretion vs. at your employer’s
request?

0 Ifyes, Q: To what extent does this vary based on the type of work you are doing?

0 Ifno, Q: Tell me more about how this works?

0 Ifno, Q: They pay you to work on the Linux kernel. Do you have an agreement or
understanding with them on what type of work you should be doing? Maybe you
can tell me a little more about this agreement / understanding?

____ Differences between paid and unpaid developers (collaboration & productivity)

e (Q: What are some of the differences between people within the kernel community who are
paid to do their work versus people who contribute on a purely voluntary basis?
0 Q:Doesone group tend to be more productive than the other?
=  What would you say makes a kernel developer productive? OR How do you
define productivity in the case of Linux kernel developers? Note: make sure
that | get their definition of productivity.

Interactions: Collaboration and Competition

General interactions and collaboration
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e Q: Please tell me more about how you interact with other people within the kernel
community in your day-to-day kernel work?

0 Q: It seems like sometimes it might be difficult to accomplish what your employer
asks you to do. If it is, how does this impact your interactions with other developers?

0 Q: Are there areas or subsystems within the kernel where you tend to interact with
more people? Or areas where you tend to work alone more of the time?

0 Q:Who do you interact with most closely (look for names of individuals and
companies)?

0 Notes: Make sure that they defined how they interact. Probe into the areas listed in
the Appendix if they do not spontaneously come up in their answer.

____Which competitors

e Q: Which of your employer’s competitors also work on the kernel?
0 Look for specific names.
Competition interactions — differences from interactions with non-competitors

e (Q: How do you interact with employees from competing companies?

0 Q: How is this different from how you interact with other people who don’t work for
your competitors?

0 Q: Would you call this a collaborative relationship? If so, why?

0 Q: Do you think you are more or less productive when you are interacting with
competitors versus other contributors? Or is it the same?

=  Earlier, you defined productivity as ..., how would your company define
productivity?

0 Q: Are there any competitors that you interact with more often (look for names of
individuals and companies)?

0 Notes: Make sure that they define how they interact with employees of
competitors. Probe into the areas listed in the Appendix if they do not
spontaneously come up in their answer.

____Employer guidelines for competitor interactions

e (Q: What sort of guidelines or rules does your employer have that specify how you are or are
not allowed to interact with employees from competing companies?
e (Q: How do you balance what you know about your company’s confidential, proprietary data
with your daily open source work on the Linux kernel?
0 Would you describe the tension that exists between what you know, but can’t
discuss with your open source participation in the kernel?

Debriefing and Wrap-up
____Final insights

As a reminder, the overall goal of this research is to learn more about collaboration, competition and
productivity of kernel developers who are paid by organizations,

Q: Would you like to add anything else?

Q: What should | have asked you that | didn’t think to ask about?
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Figure Legend

Figure 1: Effect of cognitive proximity on collaboration events.

Figure 2: Messages sent to the PCI Linux kernel mailing list per day (12/2013 - 10/2015).

Figure 3: Messages sent to the PCl Linux kernel mailing list by day of week (12/2013 - 10/2015).
Figure 4: Structural variables calculations example.

Figure 5: Triadic structural variables patterns illustration.
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Table 1: Definitions of proximity dimensions retrieved from Boschma (2005).

Spatial distance between actors, in absolute and relative meaning

The extent to which relations are shared in an organizational arrangement,
either within or between organizations

Actors sharing the same institutional rules of the game, cultural habits and
values

Socially embedded relations between actors

Similarity in terms of knowledge base and expertise, which allow to
communicate, understand and process new knowledge
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Collaboration event operationalized as a reply to Quintane et al. (2014, 2022)
a message on the mailing list

1 minus the normalized geographical distance O’Leary and Cummings

calculated as the time zone offsets in seconds for  (2007);

a measure of Geographical proximity that ranges Chen et al. (2020)

from 0 (maximum time zone distance) and 1

(same time zone)

1 if both work for the same employer, otherwise 0  Cassi and Plunket (2015);
Crescenzi et al. (2016)

1 if both work for the same type of third-party Cao et al. (2019)

organization, otherwise 0

Number of times ego and alter participated in

same thread within the moving window

Cosine similarity on contributions to areas of the Hardeman et al. (2015)

source code with 0 indicating no overlap and 1 if

both have contributed to exactly the same areas

in the moving window

Number of times the ego replied to messages Butts (2008)
from the alter within the moving window

1 if the ego was the last person the alter replied
to on the mailing list within the moving window
1/n with n defined as the number of people the
alter emailed on the mailing list before the ego
within the moving window

Number of third parties that an ego has replied to
where those third parties have also replied to the
alter within the moving window

Number of third parties an alter has replied to
where that third party has also replied to the ego
within the moving window

Number of third parties who have replied to both
the ego and the alter within the moving window

Number of times the ego and the alter have
replied to messages by the same third party

1 if the alter is a maintainer, otherwise O

1 if the ego and/or the alter are maintainers,
otherwise 0

1 if the alter has committed code within the
moving window, otherwise 0

1 if the ego and/or the alter have committed code
within the moving window, otherwise 0

1 if the ego was explicitly included in the “to” or
“cc” field of the email that was replied to,
otherwise 0




Draft — please do not circulate or cite without permission of the authors

Table 3: Descriptive Statistics and Correlations.

Variable Mean SD 1 2 3 4 5 6 7 8 9 10 11 12 13 14
1 Alter Maintainer 0.093  0.290
2 Either Maintainer 0.185 0.388 0.67
3 Alter Committer 0.823 0.381 0.09 0.08
4 Either Committer 0.970  0.170 0.03 005 0.38
5  Egoin Copy 0.179  0.383 0.00 -0.02 0.02 0.04
6 Geographic Proximity 0.706 0.233 0.03 0.03 0.00 -003 -0.01
7 Organizational Proximity 0.090 0.286 0.01 -0.01 0.07 -0.02 0.00 0.27
8 Institutional Proximity 0.738 0.440 0.02 0.04 011 0.04 0.03 -0.06 0.19
9 social Proximity 4780 18.268 -0.05 -0.09 0.10 0.03 -0.02 0.21 0.55 0.11
10 | cognitive Proximity 0.131  0.237 -0.01 -0.05 026 0.10 004 020 0.61 0.19 0.66
1 Repeated Collaboration 13.730 29.001 -0.08 -0.12 0.14 0.07 011 0.02 0.31 0.14 0.70 0.52
12 participation Shift 0.090 0.286 0.00 -0.02 0.02 002 032 003 010 0.04 0.10 0.13 0.16
13 Recency Effect 0.167 0.291 0.00 -0.05 0.04 004 038 0.06 0.20 0.08 0.23 0.27 0.28 0.90
14 | Transitive Closure 18.822 19.201 -0.09 -0.14 020 0.10 008 0.02 0.27 0.16 062 052 083 0.14 0.29
15 cyclic Closure 16.479 18.832 -0.07 -0.13 0.20 0.10 0.11 0.05 030 0.15 066 055 0.75 0.15 0.31 0.92
16 shared Collab. Partners Inbound 19.084 22.776 -0.08 -0.14 0.18 009 008 0.05 0.36 0.19 067 062 080 0.15 0.31 0.96
17 | shared Collab. Partners Outbound 19.896 22.563 -0.07 -0.13 0.20 0.09 0.07 0.11 043 014 079 065 079 0.14 031 0.92
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Table 4 Partial likelihood estimates of relational event models.

0.006 (0.001) *** 0.002 (0.001)
-0.131 (0.049)  **
0.627 (0.133)  ***
1.856 (0.403)  ***
-4.287 (0.888)  ***
1.052 (0.243)  ***
-0.050 (0.013)  ***
-0.163  (0.151)
0.137 (0.074) .
0.882 (0.227)  ***
0.036 (0.010)  ***
0.086 (0.019)  ***
-0.077 (0.018)  ***
-0.127 (0.029)  ***
-0.059 (0.015)  ***
0.218 (0.075)  **
-0.217 (0.053)  ***
0.637 (0.145)  ***
2.618 (0.688)  ***

37,549.35 18,032.80
-18,770.04 -8,928.42
19,683
63,072 63,072
10,512 10,512

Significance *** p < 0.001, **p < 0.01, *p < 0.05; Robust standard errors shown in parentheses
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