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In this dissertation, I use archival data and a formal model to investigate how

actors (firms) organize their innovation and coordinate in an innovation ecosystem
and what the evolutionary outcome of the ecosystem is. Empirically I study Linux
Kernel, the most commercially important open-source project. As of 2017, Linux has
more than 99% of the market share in supercomputing, more than 90% market share
of public clouds, and around 82% market share of smartphone operating systems.
With over 1700 subsystems and over 50000 files, the Linux kernel is one of the most
complex systems in innovation history. Moreover, unpaid work only contributes 8.2%
to Linux kernel development. Ten big corporations contribute around 40% of
development efforts (The Linux Foundation, 2017). Characterized by diverse

commercial interests and high-level knowledge heterogeneity and complexity, Linux



Kernel provides an ideal setting to understand open collaboration and coordination in
an ecosystem.

The first chapter investigates how individual innovations evolve in a complex
ecosystem. While innovation outcomes have been extensively studied in strategy and
related literature, prior studies often abstract away from the interdependent nature of
innovation within broader assemblies or systems of technologies. Adopting the
problem-solving perspective, I study how three types of complexity — technological,
cognitive, and incentive — impact the coordination process of a proposed innovation
becoming integrated into the shared infrastructure of the ecosystem. By focusing on
Linux Kernel development, a rare setting where the technological and actor
interdependence are both observable, I provide evidence of how technological
interdependence, a critical concept in organization design, is associated with
difficulty in reaching satisfactory solutions. The research context provides a setting to
study how heterogeneous interests and potential conflicts between system participants
impact innovation outcomes. The results also show that cognitive complexity,
measured by the uniqueness of innovation, has a U-shaped relationship with
innovation integration.

In the second chapter of my dissertation, I investigate the tradeoff between
discovery and divergence in the open form of collaboration in the innovation
ecosystem. Building on the insight from problem-solving literature, I argue that
strategic knowledge accumulation, i.e., actors shape knowledge creation based on
self-interest, can create potential conflicts between the system and individual actors

and thus impact the open innovation outcomes significantly. I then use a simulation



approach to investigate the appropriateness of various coordination mechanisms for
innovation systems with varying degrees of complexity and different patterns of the
same level of interaction. Results show that both the level of complexity and the way
the attributions interact impact the effectiveness of coordination mechanisms.
Without system-level incentives, granting veto power to the individual actor would
increase strategic knowledge accumulation hazard and thus decrease performance
when complexity exists. With the system-level incentive, the composite solution and
veto power could improve the overall system performance for systems of a wide
range of complexity and interaction pattern. Yet modularized or "core-peripheral”
systems see the best performance when no coordination mechanism exists.

In the third chapter, I explore the evolutionary pattern of an innovation
ecosystem and its components. While research has investigated how interdependence
at the system-level impacts innovation in the ecosystem extensively, little is known
about how micro-structure interdependence and local social environment impact
individual components' evolution within an ecosystem. Utilizing Design Structure
Matrices (DSMs), I explore the development of the Linux Kernel technological
system and the ecosystems it is embedded in. The results, while exploratory, suggest
that component level interdependence and the alignment between technological
structure and designed communication channel are associated with an increased
chance of component survival. The results also show that local environments' social
composition, such as commercial participation percentage and concentration of power,

have implications for the component survival.
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Chapter 1: The Microfoundations of Innovation in Complex

Ecosystem: Evidence from Linux Kernel

1.1 Introduction

Much of the innovation literature focuses on understanding and explaining
relatively isolated autonomous innovations, often generated by a single individual,
business unit, or corporation. However, as more recent work suggests, innovation
plays out in highly complex, interdependent technological systems (Teece, 1998;
Adner, 2006; Adner & Kapoor, 2010). Within these systems, innovators are highly
interdependent in their efforts to advance both their innovation and the broader
system to which their innovation contributes (Adner, 2017; Chesbrough & Teece,
1998; De Laat, 1999; Teece, 1986). In these settings, any given actor's effectiveness
in innovating is shaped by the actions of many other participants.

Prior research has explored such systemic innovation (Rosenberg, 1983, 1994) in
the context of electric lighting, automobiles, and large aircraft (Abernathy & Clark,
1985; Adner, 2017; Hargadon & Douglas, 2001; Utterback, 1994). The advance of a
digital economy highly reliant on system-based technologies has only accelerated the
importance of understanding innovation in complex ecosystems. While prior work
has generated a broad narrative about how these complex systems evolve and
innovatively progress (Adner, 2017; Jacobides et al., 2018), the work has largely left

unexplored how some individual actors, especially non-system owners and non-



technology leaders, succeed in advancing their innovative contributions, while others
fail.

This paper’s interest is in what type of innovations succeed and fail in complex
ecosystems and how the structure of the system to which the innovations belong
defines this comparative success. Mainly, I focus on the innovation ecosystem with a
shared technology infrastructure that multiple actors contribute to and potentially
decide the evolution of the ecosystem. The strategy literature has concentrated
heavily on platform ecosystems, i.e., those primarily owned and controlled by a single
firm, such as the Apple ecosystem. Other more distributed innovation ecosystems are
also prevalent and of economic importance in today’s economy. For example, my
setting, Linux Kernel, has more than 99% of the market share in supercomputing,
more than 90% of public clouds, and around 82% of smartphone operating systems
(as 0f 2017). Python, one of the most used programming languages, is another
example of a distributed ecosystem with shared infrastructure. Both major compilers
(a tool that translates human written code to machine-readable ones), GCC, and
LLVM, have a core that supports various programming languages, hardware
architectures, and operating systems. And most internet of things ecosystems are also
examples of distributed innovation ecosystems with shared technology infrastructure.

I characterize the innovative evolution of distributed ecosystems as driven by its
capacity to solve problems progressively. Any complex ecosystem is composed of
large, multifaceted sets of problems with myriad subproblems (Baldwin, 2012) that
vary in their dependence structure and resulting solutions that differ in their

uniqueness and commercial relevance. I hypothesize these attributes will then shape
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the value creation and appropriation for the focal actors as well as the respective
success of any proposed solution. While the literature has focused on the potential
value that individual innovators will extract once the innovation is embedded in the
ecosystem, the challenges that the innovators face, especially the difficulty of
engaging and convincing other innovators, are often overlooked (though see Adner,
2006). Hence, this paper investigates what impact the proposed innovation’s adoption
within a distributed ecosystem with shared technology infrastructure.

Indeed, within ecosystems, the likelihood that any proposed innovation is adopted
is not merely an artifact of the effectiveness of the solution proposed in solving the
immediate problem it targets, but rather how the proposed innovation more broadly
shapes the ecosystem as well as how it addresses other actors’ divergent interests
within the ecosystem. Therefore, to understand an ecosystem’s innovative evolution,
particularly which specific innovations are adopted and which are not, we must
understand how disputes and divergent interests are reconciled.

Part of the challenge is that much of the prior research has focused on an adoption
and diffusion process based on market response. This stream of work highlights the
adopters’ perspective, thereby assuming that actors within the ecosystem make
decisions about adoption quite independently, mainly based on the perceived
characteristics of an innovation or based on social networks or environmental
influences such as network externalities (Frambach & Schillewaert, 2002; Rogers,
1995). This perspective ignores the multilateral interdependencies that determine
value creation within an ecosystem (Jacobides et al., 2018). My interest is in how

complex ecosystems adapt, evolve, and innovate when, due to high levels of
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interdependence, there are massive concerns with standards and interfaces throughout
the ecosystem at many nodes, layers, and modules. Coordination around these
interfaces might require negotiations or conflict resolution beyond what markets
could easily mitigate (Mahoney & Qian, 2013; Williamson, 1975). To shed light on
how these divergent interests are reconciled to enable innovative progress, I build on
literature that has explored a related process through which regulatory or voluntary
standards are set (Merlo & Wilson, 1995; Simcoe, 2012).

Another significant challenge in empirically exploring these questions is the data
limitation, as many failed innovative attempts are often unobservable. Moreover,
prior work has primarily focused on measuring phenomena at the system rather than
the individual innovation level due to the difficulty of obtaining the innovation- and
actor-specific data on innovations, as well as data on the structure of the ecosystem
itself. My agenda requires access to data on proposed innovations within an
ecosystem, both those proposed and those rejected, as well as the governance
structures that develop within these ecosystems to determine acceptance or rejection.

To overcome the difficulties in observing the innovation process, technological
structure, and actors’ interactions, I examine micro-level data documenting the
evolution of the Linux Kernel, the most commercially important open-source
software ecosystem. Characterized by diverse commercial interests and high-level
knowledge heterogeneity and interdependence, Linux Kernel provides an ideal setting
for understanding collaboration and coordination of a distributed innovative
ecosystem. To advance Linux, thousands of actors make efforts to solve problems

both individually and cooperatively. They propose solutions, and if these solutions
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are then integrated through a governance process that is varyingly distributed and
centralized, then the software system innovatively evolves. At the same time, the
content and structure of the proposed innovation, actors’ responses, and the
corresponding decisions are recorded, and the overall technological and human
networks are observed. In the study, the proposed innovation is a submitted patch of
code. Various levels of interdependence are measured using the code’s
interdependence with other files and the prevalence of function calls in the source
code. A proposed innovation’s uniqueness is calculated utilizing the text-based
analysis to construct an established measure in information theory and computation
linguistics. Interactions among actors in the ecosystem are observed from 3.1 million
email communications throughout the study. The final sample consists of over
600,000 innovations or solutions proposed by tens of thousands of different actors
during the period June 2006 - March 2019. The extensive observations also allow for
a wide range of fixed effects to reduce the concern of unobservable heterogeneity.
My results show that proposed innovations that are interdependent with other
design modules or innovations within a design module are less likely to be integrated
into Linux Kernel. The results also show that the uniqueness of a proposed innovation
has a U-shape relationship with the likelihood of integration—more likely to be
integrated at very low and very high levels of uniqueness. Finally, innovations
proposed in modules where the rate of commercial participation is high are less likely
to be integrated. In post-hoc analyses, I find evidence that technological
interdependencies have a steepening effect (increasing at a higher rate and decreasing

at a higher rate) on the U-shape relationship between the uniqueness of a proposed
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innovation and the integration outcome. And interdependence with other innovations
within a design module also intensifies the negative impact of conflicts of interests on
innovation integration.

The paper begins by reviewing prior work on the innovation ecosystem and the
adoption and integration of innovation within it. I then examine the collaboration and
conflicts within the innovative ecosystem development, identifying how patterns of
knowledge and actor interdependence shape the likelihood of an innovation being
accepted. Building on the problem-solving perspective, I hypothesize how the
complexity of three factors related to technology, cognition, and incentives impact
innovation outcomes within an innovative ecosystem. Next, [ then introduce the
research context in detail, report on my empirical analysis, and conclude with a

discussion.

1.2 Theory and Hypotheses Development

1.2.1 Innovation integration and collaborative problem-solving within

ecosystems

Much innovation today plays out within complex technological systems (Teece,
1998). Innovation within these systems commonly demands extensive interaction and
coordination, often involving a multitude of actors. Unless one firm can successfully
innovate across the full spectrum of this system, innovation will generally involve
complex ecosystems in which multiple independent actors, each seeking to advance
their specific innovation, compete and cooperate (Adner, 2017). These ecosystems

will vary in their form and structure. Some are primarily owned and controlled by a
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single firm — the Apple ecosystem, for example. Some are associated with an
industry like the ecosystems that support the airplane or the automobile industries.
Here the innovative trajectory of the overall system is controlled in a more distributed
manner. Other ecosystems, like complex software and connected hardware, may be
supported by a shared technological infrastructure that enables actors from multiple
industries to co-participate and innovate. My interest is in the latter type of ecosystem,
where the innovative development and the technological trajectory of a complex
product or service are controlled in a very distributed manner.

I characterize the innovative advancement of a complex product or service as
shaped by the progressive identification and resolution of problems. Each potential
innovator in a distributed ecosystem has the latitude in choosing what problems to
solve, as these choices are not assigned by managers, as in a hierarchy. However, they
do consider the value they can appropriate if they succeed, and the challenges
associated with advancing their innovation. The value of proposed innovations is
determined by the broad value it creates across all components of the broader
technological system (Adner, 2012; Adner & Kapoor, 2010; Kapoor & Lee, 2013).
Therefore, the proposed innovation interacts with innovations others have advanced
and thus demands coordination with other actors beyond the boundaries of the firm.
Other actors may have concerns about the uncertain value of the proposed innovation,
requiring the focal innovator to allocate resources to convince them (Adner, 2006).
These other actors may also have incentives to delay or distort (Almirall &
Casadesus-Masanell, 2010) the proposed innovation because the innovation threatens

to diminish the value they currently appropriate from the system (Casadesus-Masanell
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& Yoffie, 2007). One manifestation of this phenomenon is in standard-setting where
different actors with various incentives need to collaboratively agree on the direction
of innovation.

The complexity of a product has profound implications for the process that shapes
the success of a proposed innovation. When an innovation is relatively independent,
diffusion of information about the innovation in the market determines its adoption
(Abrahamson & Rosenkopf, 1993; Davis et al., 1989; Frambach & Schillewaert, 2002;
Rogers, 1995). By contrast, when innovations are developed in a complex technology
system, their compatibility with the existing technologies in the ecosystem or the
existing infrastructure becomes increasingly important (Katz & Shapiro, 1994; Shy,
2001). Moreover, as any innovation becomes part of the shared infrastructure in a
system-based innovation, individual innovation will impact the evolutionary path of
the system. Therefore, innovation success in an ecosystem is about integration of the
innovation instead of diffusion and adoption. Such integration happens either by
formal approval from a “system owner” or “platform leader” or by process of
consensus governance such as a standard-setting committee (Farrell & Saloner, 1988;
Lerner & Tirole, 2006; Rysman & Simcoe, 2008; Simcoe, 2012) or trade association,
usually involving gatekeepers consisting of important players. The scope of
negotiation and coordination that play out within ecosystems often extends to a wide
set of actors involved in a complex value network (Brusoni & Prencipe, 2013).
During such a process, knowledge sharing (Alexy et al., 2013), coordinated
investment (Kapoor & Lee, 2013), and other collaborative agreements all play

significant roles.



Thus, while innovators can propose innovations almost freely, they need to
engage co- innovators and manage the coordination of innovative activities. These co-
innovators voluntarily engage in these collaborations based on their distinct interests
and incentives. The process thus could be seen as a loosely coupled problem-solving
process where focal actors of the innovation must engage with multiple parties in
their search process, providing added value to the overall ecosystem and reaching a
certain level of consensus with other actors within the ecosystem.

Within the problem-solving process, the complexity manifests in three aspects:
the three different types of the complexity of the collaborative problem-solving
process: technological complexity, cognitive complexity, and incentive complexity.
Technological complexity (interdependence within and across the boundary of
modules) impacts the incentives and effectiveness of knowledge sharing and co-
participation from other innovators. Uniqueness (cognitive complexity) of the
innovation influences how these external innovators interpret the innovations. Finally,
various incentives affect how external actors respond to the focal innovation. Of
course, there’s no denying that other factors would impact such collaborative
problem-solving processes, yet I’ll focus on these three due to their relevance in the

ecosystem construct.

1.2.2 Technological interdependence and modularity
One of the most critical features of an innovative ecosystem involves the structure
of interdependence among the underlying technologies (Adner, 2017; Kapoor, 2018).

Interdependence arises when the value generated from one innovation depends on



how other innovations evolve (Puranam, 2018). If a proposed innovation is
independent of others, it will not interfere with the value of the existing technology
(Levinthal, 1997; Rivkin, 2000).

Within complex technological systems, such as Linux Kernel— my empirical
setting, the structure of interdependence varies dramatically within the system (Ganco,
Kapoor & Lee, 2020). Some proposed innovations may be highly interdependent with
other parts of the system, while others are relatively independent. To facilitate
innovation, complex systems most often utilize a modular architecture to facilitate
more independent innovation and limited coordination (Baldwin & Clark, 2000).
Indeed, modularity is argued to be a necessary condition for an ecosystem to emerge
and evolve (Jacobides et al., 2018). Modularity allows broader problems to be divided
into nearly independent groups of subproblems, and innovations that modify one
component are thus less likely to compromise other parts of the system (Baldwin &
Clark, 2000; Simon, 1962).

The result of a modular architecture is that components within a module are
highly interdependent with other components within a module, but rather independent
of components outside a module. Innovators participating in one module' must
therefore ensure that their proposed innovations support and avoid conflict with other

components in a module. Innovators must also persuade other actors involved with a

! Though unstated, some literature assumes that innovators can control their modules. For example,
Jacobides et al. (2018) argues that “organizations have a large degree of autonomy in how they design,
price, and operate their respective modules.” While this is true for some ecosystems, this is not always
the case. For more distributed innovation ecosystems, multiple innovators may exist in some parts of
the ecosystem, and all have the desire to exercise control rights (Baldwin, 2012). This is because some
of the ecosystems are not hierarchy-based, and innovators have the freedom to choose where to
participate and what innovations to engage.
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module that their proposed innovation improves performance sufficiently to
undertake the effort of integration. Other actors may both be collaborators or
competitors, each having their unique knowledge and technological trajectory
preference (Baldwin, 2012). When one proposed innovation impacts more
components within a module, the focal innovator must likely engage more co-
innovators to acquire all necessary knowledge to provide a satisfactory solution to the
problem. This could be problematic as co-innovators may lack interest (Shah, 2006)
in the proposed innovation and thus not provide the knowledge. Moreover, co-
innovators are more likely to have different design preferences regarding the
proposed innovation. Therefore, the co-innovators of the same module whose
interests rely on these impacted components are less likely to agree on the proposed
innovation, considering the potential uncertainty of performance reduction. Thus,
when a proposed innovation impacts more components in a module, the focal
innovator needs more knowledge from other innovators and needs to reconcile with
more diverse preferences, and the proposed innovation is less likely to reach the
satisfactory level for other innovations.

At the same time, interactions between modules that vary in their magnitudes
remain. Researchers have shown that even in the most distributed innovation systems
such as modularized large software development, module interdependence is
abundant, reflected through the use of global variables and direct and indirect

function calls? at multiple levels (Rusovan et al., 2005; Schach et al., 2002). While

2 A global variable is a variable accessible throughout of the program. A function is a set of
instructions to perform a particular task. A function call is a request in code that uses such a
predetermined set of instructions.
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aggressively modularizing the development process ensures shared knowledge and
easy coordination within modules (Srikanth & Puranam, 2011, 2014), it may intensify
the difficulty of knowledge sharing across modules. Since innovators have the
freedom to choose where to innovate and what problem to solve, innovators
participating in one module may not care about the performance of other modules and
thus are less willing to provide effort in innovation that might add overall value to the
technological system but could impact their core module.

Even if we assume that incentives are aligned among all ecosystem innovators,
the innovators in one module may have difficulty communicating their module’s
subtle know-how to a focal innovator specializing in another module. Thus, the more
modules the proposed innovation involves, the more difficult it is for the focal
innovators to understand all the necessary know-how. While highly qualified
innovating firms or individuals who innovate broadly or even at the system-level may
help overcome these cross-module barriers and facilitate cross-module innovative
search, such firms and individuals are rare. Hence, I hypothesize:

Hla. The higher the within-module interdependence associated with a proposed
innovation, the less likely the innovation will be integrated into the ecosystem.

H1b. The higher the number of modules a proposed innovation influences, the less

likely the innovation will be integrated into the ecosystem.

1.2.3 Uniqueness and evaluation difficulty

Innovations vary not only in their interdependence with other decisions but also in

how cognitively taxing they are for others to evaluate. Co-innovators, especially the
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gatekeepers, need to understand the proposed innovation and assess its potential value.
The evaluation could be challenging as the co-innovators in the ecosystem may not
have essential information to understand the importance of the proposed innovation

or its broader impact on the module and the overall ecosystem (March & Simon, 1958;
Simon, 1947). Actors in the ecosystem must rely on their prior experience and
expertise to evaluate any proposed innovation. If the components of innovation are
familiar to most co-innovators, they will be assessed with relative ease. If they are not,
evaluation may be costly. Thus, the uniqueness of the proposed innovation becomes a
vital factor in the cost of evaluating it.

When a proposed innovation uses a solution approach familiar to the co-
innovators, similarity-based interpretation (March, 2006) enables them to use past or
relating information to evaluate the solution at a meager cognitive cost. As the
uniqueness of the solution increases, the cognitive cost of evaluating the solution
increases. The more unique the innovation is, the more surprising the information it
contains. The co-innovators have more difficulty assessing the innovation due to
limited knowledge and lack of expertise (Csaszar & Eggers, 2013). Moreover, they
might lack sufficient incentives to gather information about a particular innovation.
This may happen when a gatekeeper is a competing firm or has other proprietary
incentives to reduce the potential risks of the proposed innovation. Thus, unique
innovations impose a higher information burden on external actors, especially
gatekeepers (Benner & Zenger, 2016).

However, such an increase is not linear. When the innovation is highly unique, the

co- innovators may perceive finding an alternative as unlikely, meaning that the co-
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innovators may have exhausted cognitive resources in the evaluation and thus reach
an agreement with the focal actors. Indeed, focusing on finding a superior solution
without considering alternative representations or problem formulation may be a
better strategy given limited time and resources (Csaszar & Levinthal, 2016). Thus, as
the uniqueness of innovative solutions increases, co- innovators may quickly face
cognitive resource depletion, resulting in an upper bound of associated search cost. In
sum, the uniqueness of the innovation creates an information problem for co-
innovators that increases the difficulty and associated search costs, but at a decreasing
rate.

While these unique innovations are challenging to evaluate, the most valuable
solutions will likely be unique, creating a uniqueness paradox for the innovator (Litov
et al., 2012). More uniqueness tends to associate with greater value. This is because
more familiar technologies are less likely to be genuinely breakthroughs and thus add
less value to the overall system. By contrast, a more unique solution is less likely to
have other existing technology available to substitute for the function it performs,
potentially creating higher value and benefiting the whole ecosystem. Uniqueness
increases the potential value addition of the innovation to the ecosystem once it is
integrated. But in evaluating and potentially co-developing a highly unique solution,
co-innovators are likely to be less familiar with the elements used to compose the
solution, thus agreeable to reaching a consensus with the focal actor.

Based on the previous discussion, the uniqueness of the proposed innovation leads
to a diminishing increase in the evaluation difficulty and search costs for external

actors.
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Simultaneously, uniqueness also increases the potential value-added to the
ecosystem, suggesting a positive relationship between increases in uniqueness and the
likelihood of integration. Thus, the underlying value-cost functions jointly impact
external actors’ involvement and decisions toward the focal innovation. As a result,
these combined effects indicate a U-shape relationship between the uniqueness of a
proposed innovation and the likelihood of integration.

H?2. The uniqueness of the proposed innovation has a U-shape relationship with

the likelihood of integration.

1.2.4 Incentives, conflicts, and commercial interests

Integration of a proposed innovation means that it becomes part of the shared
infrastructure for future technology development, impacting the evolutionary path of
the ecosystem. Innovators in the ecosystem have different types of incentives that
motivate their efforts to innovative, and shape the types of conflicts that arise. In
many settings, these disputes may be settled based on contracts and resolved in courts
as needed. But in an ecosystem setting like Linux Kernel, an actor needs to resolve
conflicts by negotiating with co-innovators through the coordination facilitated by the
ecosystem processes and rules (Jacobides et al., 2018) or the direction of the platform
sponsor (Wareham et al., 2014).

One of the most prominent conflicts in an ecosystem reflects divergent financial
interests. In some modules of a complex ecosystem, the financial stakes concerning
whose innovations are adopted and whose are not may have profound economic

consequences for ecosystem participants. In regions where the financial stakes are
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high, we expect commercial participation to be more common and the adoption
approval processes to generate considerable conflict and competition (Simcoe, 2012).
The reasons are two folds. First, current players seek to ensure their technologies and
products don’t become obsolete as the ecosystem innovates. Commercial firms may
view proposed innovations as a threat to their current products and income streams,
while non-commercial participants have no such financial stakes in determining the
shape of the ecosystem’s evolution. Thus, the heavier the commercial participation in
a module, the more likely any the proposed innovation is viewed as an acceptable
substitution by co-innovators with a conflicting interest.

Moreover, the co-innovators not only seek to avoid obsolescence for their current
technology but also have incentives to ensure that any innovations integrated will
demand the types of knowledge and skills the actors already possess and thereby
advantage them in such further development (Nickerson & Zenger, 2004). For
instance, it may be evident that some types of innovations will function as “seeds” for
a broad set of follow-on innovations. Even when the proposed innovation is not a
direct substitution for existing technology, actors will have strong incentives to
compete over the trajectory of such seeds or enabling technology.

When multiple firms co-participate in the same regions of the ecosystem,
divergent commercial incentives will elicit conflicts, especially when firms are
competitors. As coordination becomes time-consuming when commercial forces are
present, consensus over any proposed innovation is more difficult to reach (Merlo &

Wilson, 1995; Simcoe, 2012). Thus, I hypothesize:
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H3. The higher the commercial participation in a module’s innovative evolution,

the less likely a proposed innovation will be integrated.

1.3 Methodology

1.3.1 Research context

1.3.1.1 Linux Kernel

The empirical setting is the ecosystem that surrounds the development of Linux
Kernel, the core component of the Linux operating system. Being the most
commercially important open-source project, Linux has more than 99% of the market
share in supercomputing, more than 90% market share of public clouds, and around
82% market share of smartphone operating systems (as of 2017).

In any innovative software system, some regions of its development are more
critical than others. For example, portions that define the overall architecture of the
system are more interdependent with other regions and thus are highly significant as
they shape economic outcomes for many actors within the ecosystem. Controlling
communications between hardware and user processes by allocating essential
resources such as CPU time and memory, Linux Kernel resides at the core of the
Linux system where most development efforts happen, defining the technological
trajectory of the system. Though more than one hundred distributions such as Ubuntu,
Redhat Linux, and Oracle Linux exist (https://static.lwn.net/Distributions/), Linux
Kernel resides in the center and is nominally the same across all distributions.

Moreover, to communicate with different processes and hardware ranging widely

from supercomputers to smartphones, the Linux Kernel has grown significantly more
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complex over the years. For example, Linux v4.14 has 1,723 modules (subsystems),
over 50,000 files, and about 1.7 million lines of code, excluding blank lines and
comments. The complexity of the Kernel and its central role together provide an ideal
arena in which to study how individual actors navigate through complex, interacting
components of an ecosystem to shape its innovative trajectory.

Linux Kernel also represents an ecosystem where different individuals,
organizations, and firms collaborate, and the innovation outcomes have substantial
economic significance. Even though Linux started as a community project with
mostly voluntary work, commercial forces have played an increasingly important role,
especially after the successful commercialization of the Linux-based Android system
in 2008. As of 2017, unpaid work contributes only 8.2% of Linux Kernel
development. In contrast, nine big corporations — Intel, Red Hat, IBM, Samsung,
SUSE, Google, AMD, Renesas Electronics (Japan), and Mellanox (Israel) — together
contribute around 40% of the developing effort (Corbet & Kroah-Hartman, 2017).
Being competitors or coming from different industries, corporations may have vastly
different incentives and might clash in their actions to direct the innovative trajectory
of the ecosystem. To sum up: characterized by high-level interdependence,
knowledge heterogeneity, and diverse commercial interests, Linux Kernel provides an
ideal setting in which to understand the coordination and evolution of an innovative
ecosystem.

1.3.1.2 Mainline development as standard setting
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Mainline is the source code tree where nearly all new development of Linux
Kernel occurs®. In the Linux ecosystem, the mainline is the shared infrastructure that
determines the technological trajectory. Merging new features into the standard
mainline source code tree is described as “the best and smoothest way to distribute
and maintain” development effort of Linux Kernel (Kleen, 2008), creating standards
that are subsequently obeyed and used by ecosystem participants.

Those able to have their code incorporated into the mainline may subsequently
enjoy several resulting benefits, including technical supportability, soft veto power,
and an increased customer base.

Developers have several technical reasons to develop for the mainline instead of
developing for an older or forked version of the Kernel.* It is through contributions to
the mainline that an abundance of desirable new features, up-to-date development
tools, and critical security and bug fix arrive. Among all types of updates, missed
security fixes, in particular, can be very costly to fix later.

Apart from the technical reasons, merging codes into the mainlines also sustains
the benefits of a “compatible standard.” This means that future development needs to
avoid breaking codes in mainline or at least provide an equivalent replacement (Kleen,

2008). Actors in the eco- system who are able to position their code as a standard

3 The reason that not all development happens in the mainline is due to forking. Though forking of
open-source software is legal, a fork generates a competing project that is not compatible and reduces
the potential number of ecosystem participants and thus is not desirable (Raymond, 1999). Indeed, the
death of the fork is the most common result due to difficulty in maintaining the development effort in
the fork (Wheeler, 2015).

4 According to Kleen (2008), some developers new to the Kernel may “take a snapshot of one Kernel
version (and its associated userland) and try to standardize on that version forever.” But the paper then
states, “freezing on old versions for a long time is not a good idea.” Based on Linux Plumber
Conference paper topics, most developing for older versions happens when certain hardware can run
only an older version.
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enjoy a form of veto power that can protect their current interests and their ongoing
technology investments and potentially shape the technological trajectory of future
development in their favor. The veto power is important for firms with proprietary
technology built on the Linux Kernel to maintain the appropriability of their
commercial products. Moreover, this veto power gives the firms more bargaining
power regarding new technological design choices.

Other benefits of having your code established as a “compatible standard” include
an increased customer base and reduced customer support costs. For example, once a
hardware manufacturer’s driver is in the mainline, all the distributions will
automatically have the driver. End users do not need to go through the complicated
and clumsy process of installing external drivers because Linux automatically
supports the hardware.

As discussed above, coding contributions on the mainline define the shared
infrastructure of Linux and thus interact extensively with other ecosystem participants’
innovations (code and software functions). Contributions on the mainline are often
highly desirable and interdependent with others. Therefore, contributions along the
mainline will be highly contested, with many actors seeking to shape the standards set
and selected.

1.3.1.3 Mainline code review as coordination

Precisely because the benefits of contributing along the mainline are so large and
various parties have divergent interests in shaping it, the process of gaining
integration tends to be particularly complicated and time-consuming. According to

the 2017 Linux Kernel Development Report (Corbet & Kroah-Hartman, 2017), most
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proposals “go through a number of revisions before being accepted into the mainline
kernel, and many are never accepted at all.” Figure 1 below depicts a standard process.
Developers need to submit their work in a patch (a small text file containing the
differences between the current working version and the proposed change version of
the source code tree) to a particular subsystem to which the changes belong for testing
and code reviews via the mailing list. If the new patch passes the code review, and if
no major objections are raised, the subsystem maintainer can add the patch to a
relevant subsystem branch tree, and further quality assurance will be performed
before merging into the mainline.

To have an innovation accepted requires garnering the attention of other parties.
Ideally, these parties will be supportive, but whether positive or negative, a level of
engagement from others is needed to promote the acceptance of a proposed
innovation successfully. Failing to raise the interests of others can significantly
reduce a patch’s chance of being integrated or merged because standard code review
is the bottleneck in the merging process — only 77 designated reviewers existed,
according to the 2017 Linux Kernel Development Report (Corbet & Kroah-Hartman,
2017). Without the community having demonstrated substantial prior collaborative
efforts, such as generating considerable discussions and preliminary testing of a patch,
subsystem maintainers are unlikely to perform any review or test due to limited time
and attention.

As the focal actor works together with the testers and reviewers to improve the
product, potential conflicts can arise due to heterogeneous preferences about the

design. The non-focal actors may request a product redesign, and this process
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significantly impacts the possibility of consensus. In a subsystem with high
commercial interests, different actors are likely to have varying agendas and exercise
veto power. Any new development is less likely to be incorporated as the standard. A
case study of how IBM failed to integrate an important innovation into the Kernel can

be found in 1.B.

1.3.2 Data

Linux Kernel innovations and feedback, i.e., development and review, occur
through the Linux Kernel mailing lists. The electronic mailing lists contain
announcements, discussions, code submissions, code reviews, and debates. And the
integration happens through the mainline source code tree. The source code tree is
managed by git, a distributed version control tool where all developers’ working
copies of codes are in the repository. Thus, the complete history of changes can be
tracked.

I obtained archived emails from the Linux Kernel main mailing list (LKML) from
the public-inbox. About 3.1 million email exchanges of all development efforts and
evaluations — despite security-related issues between June 17, 2005 (Release of
v.2.6.12) to March 3, 2019 (Release of v.5.0) — are compiled. A typical email has the
following information: date, the email address (including organization and region
information) and the name of the developer, to whom the email was sent, to whom
the email was CCed, the subject, the server, and encoding- related information
including “IN-REPLY-TO” information that allows linking to the email chain, and

the body of the email. The content of the body contains patch submission, review
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information, and discussion of potential design choices. I also analyzed the email
attachment for the patch code.>¢

Data of integration activities are obtained from the Linux mainline git repository.
Git is a distributed source control system where developers have complete copies of
the project repository. I clone and mine Linus Torvalds’ repository and obtain all
commit information of accepted patches from June 17, 2005 (Release of v.2.6.12) to
February 14, 2021 (Release of v.5.11). The reason to include a longer time of
integration activity than of innovation activities is to reduce the censoring problem. A
typical git commit has information of origin when the patch is authored, the commit
date by a subsystem maintainer and, in rare cases, a designated reviewer, and the
merge date to the mainline. Since not all subsystem maintainers’ repositories are
available, this analysis does not include the patches that were accepted by subsystem
maintainers but failed to be merged into the mainline.’

The way Linux Kernel is stored and documented provides many unique
advantages for observing the life cycle of a proposed innovation, including the
coordination process, and thus to understand the ecosystem evolution. First, Kernel
mailing lists allow me to collect detailed information on the entire innovation

evaluation process, including the innovators, the content of the innovation, and who

5 Even though the guidelines suggest that email attachments would not be reviewed, in rare cases such
patches are integrated. If the author submits a patch via attachment, the author is likely inexperienced
and lacking knowledge. Such submissions tend to come from individuals submitting simple codes. If
exclude email attachments, I may overestimate the negative effect of the complexity.

® Another potential data problem is that I may miss development work that uses a separate system.
Sometimes patches may (unconfirmed) be submitted to their subsystem mailing lists and thus may not
appear in LKML. However, I randomly sample 1000 emails in the specialized subsystem mailing lists
and do not find any such cases.

"1 have cross-compared with other repositories that are available to the public and Linux Next. Such
cases are rare.
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the innovators interact with and collect feedback from. The final decisions and fate of
the innovation can also be found through the source code tree. A second advantage is
that the mainline source code tree records all historical versions of the source code,
allowing the evolution of the ecosystem — both the technical structure and the actor
interaction — to be tracked over time. The long-tracked history also allows the fixed
effects to be included during estimation to account for multiple sources of
unobservable heterogeneity. ®
1.3.2.1 Data construction

The main level of analysis is at the proposed innovation (patch submission) level.
I link the development activities in the mailing list to the innovation outcome in the
git using an algorithmic matching process established in release engineering literature
(Jiang et al., 2013). A more detailed description is in 1.C. The final dataset contains
619,188 observations, with each observation representing one proposed innovation
(patch submission). These proposed innovations are submitted between June 17, 2005,
and March 3, 2019. As discussed below, for each proposed innovation, I generate
measures of innovation (patch) specific characteristics and outcomes, measures of the
submitting developer’s individual and organizational level characteristics when the
organizational fixed effect is not included, and, finally, characteristics of the module

(subsystem) to which the patch is submitted.

8 1t is worth noting that some other open-source projects may also have such records. However, these
disadvantages are associated with such data: (1) not all innovative effort is observable, as programmers
can do private pull, which may create severe sample selection bias; (2) some open-source projects do
not allow for observing complex technical structures involving variations in module characteristics; (3)
innovations’ organizational information is difficult to observe; and (4) the acceptance rate is
exceptionally high, indicating a more open community governance mode instead of an ecosystem
coordination mechanism.
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1.3.3 Measures

1.3.3.1 Dependent variables

By matching the patch submission from email to the integration recorded in git
commits using the algorithm, I first construct a percentage of integration variable, i.e.,
the percentage of the patch integrated into the mainline. The raw acceptance is not
binary due to some “cherry- picking,” which is when the integrator accepts only parts
of the code and ignores the remaining. However, the dependent variable is largely
clustered at 0 or 1, with only 69,415 out of 619,188 not equaling 0 or 1, indicating
that cherry-picking is not a major issue. For the interpretability of the model, I use a
75% acceptance rate as the threshold to construct the main dependent variable
Integration, with equal or above the threshold coded as one and below the threshold
coded as zero. I also constructed alternative dependent variables Integration 90 and
Integration_100 using the thresholds of 90% and 100% acceptance rates. Both have
similar patterns as the main dependent variables.

1.3.3.2 Independent variables

To construct the independent variables related to a module, I first define a module
as a 2-level subdirectory such as virt/kvm or drivers/media, arch/x86, and
kernel/locking. The reason to use a 2-level subdirectory as the boundary of a module
is that such subdirectories usually have so- called subsystem maintainers in charge.
Moreover, most specialized kernel-related lists correspond to a 2-level subdirectory.
For example, the kvm mailing list corresponds to virt/kvm. Going to a 1-level
subdirectory would be too coarse. For example, arch/x86 dedicates to functions

related to a CPB instruction set compatible with Intel 8086 and its successor, while
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arch/mips is dedicated to the functions associated with Microprocess without
Interlocked Pipelined Stages developed by MIPS Technologies. The underlying
technologies are largely independent. Going further would be too specific, as most of
the directories have only two levels. Thus, within-module interdependence is
measured by how many files the focal patch changes directly within the main module
to which the innovation contributes. And cross-module interdependence is measured
by the number of modules changed by the focal patch.

Uniqueness is constructed utilizing textual analysis of the Linux Kernel’s
development corpus. I first extract all codes without comments for each stable Linux
Kernel release between versions from 2.6.12 to 5.11. I focus on C files such as .c
and .h files as C development efforts compose 20,054,562 out of 21,167,409 lines of
codes as in v.5.11. [ remove the commonly used technical terms such as C language
reserved words (if, else, auto, register, for example), single-character variable names,
and numbers from the corpus. The terms would then be tokenized, resulting in a
dictionary for each stable release. To measure the “surprisingness” or “uniqueness” of
innovation, I use a standard measure of Shannon entropy from information theory
(Shannon, 1948; Tribus, 1961). The Shannon entropy is also called “surprisal,”
representing the surprise of seeing an unlikely outcome. Since word frequency
distribution appears to follow Zipf’s law, i.e., the frequency of any word is inversely
proportional to its rank in the frequency table, Shannon entropy could be normalized
as the average rank order of the technology term frequency. A more detailed
discussion of the construction of the variable, the depiction of word frequency, and

the mathematical proof of the equivalency of the two measures can be found in 1.D.
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Commercial interests measures the module level commercial interests and is
constructed as the percentage of patches submitted by for-profit organizations to the
module in the previous year window. The variable ranges from 0 to 1, with one
meaning only firms contributing to this module and zero meaning only non-firms
contributing to the module in the past year. The reason for using submission instead
of acceptance to calculate the commercial ratio is to measure interests and intention
instead of the outcome.

1.3.3.3 Control variables

I include control variables at the proposed innovation, the innovator, and the
module levels. Novelty is constructed as how many unknown terms the proposed
innovation contains. New domain measures whether innovation creates a new file that
previously did not exist. No. replier measures how many people have uniquely
replied to the innovation. No. CCed measures how many different email addresses
have been CCed, excluding those who have responded. Innovator experience is
constructed as the number of accepted patches submitted by the author divided by
100 at the time of patch submission based on git repository. Innovator involvement
measures how many emails, including review messages, the innovator has sent. The
number is divided by 1,000. Module volume patch is constructed as the number of
previously accepted patches, divided by 100,000, that altered the subsystem for which
the focal patch is submitted. Module intended contribution is constructed as the
number of patches, divided by 100,000, submitted to the subsystem to which the focal

patch is submitted.
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1.3.4 Model specification

For ease of interpretation, I estimated linear probability models with submission
year fixed effect and organization level fixed effect. I first estimated each hypothesis
separately and then estimated the following model.

P(Integration = 1) = o + f1Within — Module Interdependencies + [2Cross
— Module Interdependencies + [f3Uniqueness + fsUniqueness Squared +
psCommercial Interest + fControls + Fixed Ef fects + ¢, (D)

where € being error term.

1.4 Results

1.4.1 Descriptive statistics

Table 1 reports the summary statistics of variables. The variations in key
variables were sufficient for estimations. Within-module and cross-module
interdependence were heavily skewed. I used these two variables in the main analysis
for easy interpretation. And I use the natural logarithm transformed variables of
within-module and cross-module interdependence in the robustness analysis. Table 2
reports the correlations of the variables. Overall, the correlations were low to pose
multicollinearity problems. The only high correlation was between uniqueness and
uniqueness squared, which was normal. The mean variance inflation factor (VIF) was
2.23, below the common threshold of 10 suggested by the literature, further

corroborating that multicollinearity not as a significant concern.
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1.4.2 Main results

Table 3 reports the main results of empirical analyses. Model 1 in the table
included control variables and fixed effects. Model 2 and Model 3 included the
impact of within-module and cross-module interdependence, respectively. Model 4
included the effect of uniqueness. Model 5 included the effect of commercial interests.

Model 6 was the full model as specified in Equation (1).

Hypothesis 1a argues that within-module interdependence is negatively associated
with the proposed innovation’s likelihood of integration. The coefficient of within-
module interdependence was negative and significant in Model 2 and Model 6.
Hypothesis 1b argues that cross-module interdependence is negatively associated
with the proposed innovation’s likelihood of integration. The coefficient of cross-
module interdependence was negative and significant in Model 3 and Model 6.
Considering Model 2, when within-module interdependence increased by 1, the
integration probability was associated with a reduction of 0.2%. The variable's
standard deviation was 6.635, and thus a one standard deviation increase in the
variable was associated with a decrease in the dependent variable of 1.3%. Given that
the baseline probability of integration was 44%, a one standard deviation change in
within-module interdependence was associated with a relative impact of 3.0%.
Considering Model 3, when cross-module interdependence increased by 1, the
probability of integration was associated with a decrease of 1.2%. The variable's

standard deviation was 2.851, and thus a one standard deviation increase in the
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variable was associated with a reduction of the integration probability by 3.4%. Given
the baseline probability of integration was 44%, a one standard deviation change in
cross-module interdependence was associated with a relative impact of 7.7%.

Post-regression tests (using SUR and after Model 6) comparing the effect size
seemed to suggest that the cross-module interdependence of innovation had a larger
association with the likelihood of integration than within-module interdependence
(one-sided tests, p-value = 0.000). This result might suggest that cross-module
interdependence was a more significant source of technological complexity. It is not
only of theoretical importance but also of economic importance to differentiate these
two.

Hypothesis 2 argues a U-shape relationship between the uniqueness of innovation
and its likelihood of integration. Model 4 and Model 6 showed a negative and
significant coefficient of the uniqueness variable and a positive and significant
coefficient of uniqueness squared. To further understand the U-shape relationship, I
follow the Lind-Mehlum procedures (Lind & Mehlum, 2010). The following
procedures have been conducted: 1. the joint significance of the uniqueness and the
uniqueness squared as suggested by Sasabuchi (1980); 2. the test that the probability
of integration is not increasing at the lower bound of uniqueness and the probability
of integration is not decreasing at the upper bound of uniqueness. This test uses the
Sasabuchi-Lind-Mehlum method utilizing the utest package in STATA. I then
calculate the inflection point of uniqueness and its 95% confidence interval using the
Fieller method to compare with the actual data range. The inflection point was at

uniqueness = 8.435, with a Fieller 95% confidence interval of [8.365, 8.507], while
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the actual data range was [0, 21.463]. The testing results of Model 4 are provided in
Table 4. The same set of tests was performed on Model 6, and the results had a
similar pattern. In conclusion, Model 4, Model 6, and Table 4 provided strong
evidence of a U-shaped relationship between the probability of integration of the

innovation and the uniqueness of the innovation.

I then graphically depicted the relationship between the likelihood of integration
and uniqueness to provide further evidence of the U-shaped relationship (Haans et al.,
2016). Figure 2 showed the relationship between unigueness and the likelihood of
integration with controls at mean values and with submission year fixed effect.
Figure 3 showed the binned scatterplot with the same set of controls by utilizing the
binsreg package of Stata. It showed the nonparametric relationship between
uniqueness and integration, providing further evidence for the existence of the U-
shape.

Hypothesis 3 argues that the commercial participation of a module is negatively
associated with an innovation’s chance of integration. Model 5 and Model 6 showed
the negative and significant coefficient of commercial interest. Model 5 showed that a
one- unit increase in commercial interest was associated with reducing the probability
of integration by 5.8%. Commercial interest had a standard deviation of 0.211, and
thus a one standard deviation change of commercial interest was associated with a
change in probability of infegration by 1.2%. Given that the baseline probability of
integration was 44%, a one standard deviation change in commercial interest was

associated with a relative impact of 2.7%.
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1.4.3 Post-hoc analyses

Several post-hoc analyses and robustness checks are conducted to facilitate the
understanding of the joint effects of independent variables and to corroborate the
main results.

The joint effect of technological complexity and cognitive complexity. The main
analysis investigated the technological structures and the uniqueness of the solution
independently; however, these two factors are likely to have a joint effect. Research
has shown that the knowledge interdependence of technologies causes difficulty in
evaluating innovation (Khanna et al., 2018). Technological interdependence will
likely impact how innovations of different degrees of uniqueness are examined. When
an innovation has more within-module interdependence or involves more modules,
the knowledge the external actors need to engage in a collaborative search for the
focal innovations is likely to be dispersed. Thus, for the proposed innovation of the
same level of uniqueness, if it has higher technological interdependence, the
associated cognitive cost to search would be amplified. At the same time, due to
bounded rationality, cognitive search costs will also reach the upper bound soon. This
means that the presence of more modules or higher within-module interdependence
will strengthen the curvilinear relationship between the uniqueness of an innovation
(solution to a problem) and the search cost. Thus, one should expect a steepening
effect of technological complexity on the U-shaped relationship between the
innovation’s uniqueness and its integration. Yet, it is difficult to determine whether
the technological structure has a moderating effect on the perceived value of the

proposed innovation. Therefore, it is hard to predict the horizon-shifting effect of
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technological complexity on the U-shaped relationship between the innovation’s
uniqueness and its integration. To fully understand the complex interactions between
different types of interdependence and uniqueness, I explored the moderating effects
of cross-module interdependence and within-module interdependence on uniqueness
separately.

I first investigated how cross-module interdependence might moderate the
uniqueness’s association on integration. For better interpretability, I created a variable
MultiModule, being 1 if cross- module interdependence>1 and 0 otherwise. The
estimation to understand the moderating effect of MultiModule on Uniqueness’s
assocation with integration was performed as follows:

P(Integration = 1) = fo + B1Uniqueness + [2Uniqueness Squared +
p3Uniqueness * MultiModule + fsUniqueness Squared x Multi — Module +
BsMultiModule + fsCommercial Interest + BControls + Fixed Ef fects + &, (2)

where ¢ is the error term.

The result is reported in Model 1 of Table 5. The coefficient 4 was positive and
significant, suggesting a steepening association of multimodule on U-shaped
relationships. To test the result of the horizontal shift of the turning point of the U-

shaped curve, I followed previous studies and tested the following equation:

6X"  PBiBa — BabBs
8Z  2(B; + BuZ)?

3)
where X* is the value of the inflection point, Z is the moderating variable
multimodule, and f1 to 4 are values of coefficients in Equation (2). If the results of
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Equation (3) are positive and significantly different from O as Z increases, a
horizontal shift to the right is present; and if those results are negatively significant, a
horizontal shift to the left is present (Haans et al., 2016). The result showed that when
multimodule = 1, Equation (3) had a point estimation of 0.323 with 95% C.I. [0.191,
0.454]. Though the horizontal effect shifting association existed, it was relatively
small. I then graphically depicted the estimation based on Equation (2) in Figure 4.
The figure also clearly showed a steepening relationship of multimodule on the U-
shape. While the horizontal shift was difficult to discern visually. In sum, cross-
module interdependence had a steepening association with the U shape between a
proposed innovation’s uniqueness and its integration. This interdependence also was
associated with a shift of the turning point, suggesting that it might be associated with
the perceived value of solutions at different levels of uniqueness. However, such an
association was small.

Following similar steps as in the previous test, I created a variable, high within-
module interdependence, to test within-module interdependence’s moderating effect
of uniqueness on integration. The mean of within-module interdependence was
between 3 and 4, so I assignd the variable high within-module interdependence 1 if
within-module interdependence>3, and 0 otherwise. Similar to the test of Equation (2)
and Equation (3), a steepening association of high within-module interdependence on
the U-shaped relationship could be seen. The horizontal shifting association was not
seen in the test, with a point estimate of -0.032 with p-value = 0.519. The results are
reported in Model 2 of Table 5. I then graphically depicted the estimation in Figure 5.

In sum, within-module interdependence had a steepening association with the U shape
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between a proposed innovation’s uniqueness and integration, and it did not have an
association with the turning point shift, suggesting that it might only associate with
the curvilinear mechanism of search cost.

The joint effect of technological complexity and incentive complexity. Building on
the insight from standard-setting literature, the main analysis found a negative
relationship between the commercial interests of a module and the likelihood that an
innovation of the module would be integrated. While the incentive aspect of the
coordination process is universal in the standard-setting within a single industry or
embedded in an ecosystem, it is worth noticing that the structure of the ecosystem
will also interplay with the incentive aspect of the coordination process. Unique to the
ecosystem are the upstream and downstream inter-organizational relationships (Adner
& Kapoor, 2010) and the collaboration involving multiple actors that cross the
boundaries of the industry (Leten et al., 2013; West & Wood, 2013). This means that
the negotiation and coordination go beyond the competitors and involve a complex
value network (Brusoni & Prencipe, 2013) of innovators, complementors, suppliers,
regulators, and more. When a proposed innovation has a high within-module
dependency, the alternative designs are ample, and the knowledge sharing (Alexy et
al., 2013) by other actors becomes more important. However, due to the high
potential conflicts, the external actors have weak incentives to provide vital
information to the focal actor. Moreover, ample alternative designs can elicit
divergent preferences over technological trajectory and in turn, create actual conflicts.
In this case, coordinated investment (Kapoor & Lee, 2013) and other collaborative

problem-solving efforts will be insufficient to generate the necessary resources to
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solve the complex problem. The presence of potential conflicts and commercial
interests amplifies the coordination problem caused by within-module dependency.
I tested for within-module interdependence’s moderating association on the
commercial interests of a module. The result is reported in Model 3 of Table 5. 1
found that potential conflicts in the participation of a module (commercial interests)
were associated with an intensification of the negative effect of within-module
interdependence on the likelihood a proposed innovation of the module would be
integrated. This result calls for a more careful examination of incentive conflicts

within an ecosystem.

1.4.4 Robustness

Different measures of integration. An innovator may prefer her innovation
integrated entirely without changes from other parties or only with minor alterations.
Thus, a 75% acceptance may be theoretically different from a 100% acceptance. To
resolve this concern, instead of using the 75% acceptance rate as the indicator of
integration, I tested for 90% acceptance and 100% acceptance as the indication of
successful integration. The dependent variables are thus Integration 90 and
Integration_100, respectively. The results are reported in Model 1 and Model 2 in
Table 6, respectively. The results display the same pattern as the primary results.
Tests for the U-shaped relationship were also conducted, and the results are
qualitatively similar.

Different measures of within-module interdependence and cross-module

interdependence. To resolve the concerns that the two interdependence variables were
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highly skewed, I took the log-transformed measures of these two variables. The test
result is reported in Model 3 in Table 6. Tests for the U-shaped relationship were also
conducted, and the results were qualitatively similar.

Different model. 1 used the Logit model to estimate the effects of independent
variables. In this analysis, log-transformed interdependence measures were used, and
the Novelty measure was dropped to ensure estimation converges. The result is
reported in Model 4 in Table 6. The general pattern of the main results still held. And

the formal test for the U-shaped relationship is reported in Table 7.

1.5 Discussion

This paper investigates how innovations evolve in a complex ecosystem by
studying how innovative outcomes embedded within the system are integrated. While
innovation outcomes have been extensively studied in strategy and related literature,
prior studies often abstract away the interdependent nature of innovation within
broader assemblies or systems of technologies. Adopting the problem-solving
perspective, I study how three types of complexity — technological complexity
(within and cross-module interdependence), cognitive complexity (an innovation’s
uniqueness), and incentive complexity (the innovation’s external environments
composed of external actors other than the focal innovators) — jointly impact the
process of innovation integration, and thus impact the trajectory of the ecosystem. By

focusing on Linux Kernel development, a rare setting in which technological
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dependency is observable, I provide evidence of how interdependence, the critical

concept in organization design, causes difficulty in reaching satisfactory solutions.

1.5.1 Theoretical contributions and future works

This study contributes to the strategy literature in four ways. First, it adds to the
growing body of ecosystem literature by studying how complex systems adapt and
evolve (Adner, 2017; Jacobides et al., 2018). Most ecosystem literature concerns
platform-based ecosystems such as IOS or Uber due to their economic prominence; I
focus on the distributed innovation ecosystems with shared technology infrastructure.
These ecosystems are also of great economic significance, as evident by the
commercial prevalence of my setting Linux kernel. My study is among the first to
understand the vital phenomenon of innovation integration in a distributed ecosystem.
It might also shed some insight on how governance and collaboration might work for
an innovation ecosystem without a central owner. In addition, I investigated and
identified three types of complexity that impact the coordination of the innovation
process within the ecosystem. Empirically, I contribute to ecosystem literature by
utilizing innovation-level data to explore how these integration outcomes are shaped
by the nature of the solutions proposed and the governance structures that develop
within the ecosystem. The findings highlighted in the study call for more theoretical
considerations to differentiate additional types of complexity and their interaction
effects within an ecosystem.

Second, this study contributes to the organization design literature. Organization

design literature tries to understand how novel organizing forms such as
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crowdsourcing (Chesbrough, 2003), user innovation (Shah, 2006), open-source
community (Lee & Cole, 2003; von Hippel & von Krogh, 2003), and problem-
solving platforms and contests (Harhoff & Lakhani, 2016; Jeppesen & Lakhani, 2010)
solve the universal organizing problems of the division of labor and the integration of
efforts (Felin & Zenger, 2014; Puranam, 2017; Puranam et al., 2014). A core concept
in this stream is the role of interdependence, in the form of the interdependence
between tasks and the interdependence between actors. While most research in this
stream focuses on system-level interdependence and takes the perspective of the
system owner, this study contributes to the understanding of various complexities’
impact on coordination from an individual participator’s (or firm’s) perspective.
Moreover, a large body of work in organization design is theoretical due to the
difficulty in obtaining data on organizational micro-units from archived sources
(Puranam, 2018). This paper provides empirical evidence by utilizing an important
context where technological dependencies and micro-organizations can be observable.
Third, this study contributes to the understanding of open innovation and open-
source literature by highlighting the impact of commercial interests and their
interactions with the underlying technological structures. The nature of open-source
software has changed over time, especially after the successful commercialization of
the Linux-based Android system in 2008. Firms’ involvement in OSS development
has become the norm (Dahlander & O'Mahony, 2011). With the change in dynamics
of contributors’ interactions, it is important to investigate how tensions between
rivalry and conflicts impact the collaboration outcome (Levine & Prietula, 2014).

This study illuminates how divergent incentives, particularly commercial interests,
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can interact with the technological structure and shape the outcome of OSS
development. Future work should take a deep dive to understand how actors with
different incentives, non- commercial (altruism, nerd-cred, intellectual stimulation),
and significant commercial interests are competing to have the technology adopted
that best favors their other work in the development.

Fourth, I provide insight on technology standard-setting and third-party regulation.
While there has been extensive work looking at standards-setting (Farrell & Saloner,
1988; Lerner & Tirole, 2006; Rysman & Simcoe, 2008; Simcoe, 2012), often
facilitated by third parties, this literature has generally overlooked the underlying
technological structure. My result suggests that technological complexity leads to
sub-optimal technology adoption not only because of mistakes or difficulty
understanding all the implications but also because actors use nonmarket actions
(such as politics and social network pressures) strategically to get their favored
technology adopted. This study also has implications when the focal actor owns the
standard. The owner may strategically consider various complementors’ interests and
resolve conflicts between complementors. Results generated from the paper are still
relevant as system owners can serve as third-party regulators but with private

incentives (Chu & Wu, 2021).

1.5.2 Limitations

This study is subject to several caveats that provide opportunities for future

research. First, the nature of this study is purely correlational. No causal identification
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has been provided. Future research may test the mechanisms discussed and provided
in this study.

Second, the empirical setting of Linux may not be representative of other
distributed ecosystems with shared infrastructure. First, most ecosystems are not as
complex as Linux. Second, the insights generated in an open ecosystem such as Linux
may not transfer well into a closed ecosystem setting. Closed ecosystems may have
vastly different incentive structures compared to open systems. Lastly, I focus on the
Linux Kernel, the core structure of an ecosystem. Thus, more-peripheral ecosystem
innovations have not been examined in this study. Future research could explore the
evolution and coordination of ecosystems in a less complex, closed setting as well as
take peripheral innovations into consideration.

Third, while Linux, an information-based product, allows for easy observation
and analysis of technological structure and design, the measures might be specific to
the context and thus have difficulty generalizing. For example, codes are instructions
to tell the computer what to perform and, therefore, can be automatically analyzed to
understand dependency, and this could not be done with physical products. Also,
some measures such as uniqueness in H2 rely on methods developed from
information theory, meaning they can not be directly applied to ecosystems built
around physical products. Future research should investigate the relevant complexity

of the different types of products, such as hardware.
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1.5.3 Conclusion

In the paper, I examine how innovations evolve in a complex ecosystem. The
study shows that different types of complexity — technological complexity (within
and cross-module interdependence), cognitive complexity (an innovation’s
uniqueness), and incentive complexity (the innovation’s external environments
composed with external actors other than the focal innovators) — jointly impact the
coordination of innovation integration. In doing so, this paper advances the
understanding of the ecosystem as a distinct governance construct and its evolution. I
hope more future research will join my efforts to understand the adaptations and

coordination of an ecosystem as firms become increasingly engaged in ecosystems.

1.4 Tables and figures

Table 1 Statistics

Variable Mean Std. Min. Max.
Dev.
Integration 0.440 0.496 0.000 1.000
Within-module 3.402 6.635 1.000 1370.000
Interdependence
Cross-module 1.535 2.851 1.000 158.000
Interdependence
Uniqueness 8.776 4.933 0.000 21.463
Uniqueness Squared  101.347 76.486 0.000 460.641
Commercial Interests ~ 0.535 0.211 0.000 1.000
Novelty 25.121 159.610 0.000 17001.000
New Domain 0.035 0.185 0.000 1.000
No. Replier 0.664 1.062 0.000 53.000
No. CCed 4.173 4.197 0.000 359.000
Innovator Experience  3.190 5.700 0.000 56.010
Innovator Involvement  3.929 12.012 0.001 108.013
Module Volume 0.087 0.144 0.000 0.778
Module Intended 1.966 1.511 0.000 5.548
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Contribution

Observations

619188
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Table 2 Correlation Table

Variables (1) ) 3) 4) (5) (6) (7) (8) 9) (10) 1 12y (13) (14)
1. Integration 1.000

2. Within-module -0.023 1.000

Interdependence

3. Cross-module  -0.087 0.191 1.000

Interdependence

4. Uniqueness -0.039 0.034 0.042 1.000

5. Uniqueness 0.007 0.020 0.017 0936 1.000

Squared

6. Commercial -0.040 -0.014 0.000 -0.024 -0.018 1.000

Interests

7. Novelty -0.088 0.128 0.057 0.021 -0.018 0.009 1.000

8. New Domain -0.139 -0.025 0.060 -0.035 -0.050 -0.035 0.105 1.000

9. No. Replier -0.136  0.002 0.025 -0.003 -0.011 0.026 0.023 0.006 1.000

10. No. CCed -0.089 0.017 0.021 0.023 0.017 0.090 0.016 0.003 -0.043 1.000

11. Innovator 0.101 0.012 0.036 0.031 0.038 -0.049 -0.048 -0.055 -0.062 -0.027 1.000

Experience

12. Innovator 0.059 -0.008 0.061 0.063 0.065 -0.073 -0.032 -0.036 -0.115 -0.022 0.509 1.000
Involvement

{/3.lModule 0.076 0.034 -0.023 -0.030 -0.000 -0.073 -0.013 -0.116 -0.030 0.051 0.052 0.095 1.000
olume

14. Module 0.019 0.001 -0.036 -0.034 -0.018 0.256 0.007 -0.096 0.013 0.213 -0.009 -0.043 0.230 1.00
Intended 0
Contribution

Correlation with absolute values greater than 0.003 are significant at p<0.01
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Table 3 Main Results

Model 1 Model 2 Model 3 Model 4

Model 5

Model 6

Integration Integration Integration Integration Integration Integration

Within-module -0.002*** -0.001 ***
Interdependence (0.000) (0.000)
Cross-module -0.012%** -0.01 1***
Interdependence (0.000) (0.000)
Uniqueness -0.031*** -0.030***
(0.000) (0.000)
Uniqueness 0.002%** 0.002%**
Squared (0.000) (0.000)
Commercial -0.058%** -0.066***
Interests (0.000) (0.000)
Novelty -0.000*** -0.000%*** -0.000*** -0.000*** -0.000*** -0.000%***
(0.000) (0.000) (0.000) (0.000) (0.000) (0.000)
New Domain -0.265%** -0.267*** -0.255%** -0.264*** -0.264%** -0.256%**
(0.000) (0.000) (0.000) (0.000) (0.000) (0.000)
No. Replier -0.057*** -0.057*** -0.056%** -0.056%** -0.057*** -0.054%**
(0.000) (0.000) (0.000) (0.000) (0.000) (0.000)
No. CCed -0.011*** -0.011%*** -0.011%** -0.011%** -0.011*** -0.010%**
(0.000) (0.000) (0.000) (0.000) (0.000) (0.000)
Innovator 0.007%** 0.008*** 0.008*** 0.008*** 0.007*** 0.008***
Experience (0.000) (0.000) (0.000) (0.000) (0.000) (0.000)
Innovator -0.002%** -0.002%** -0.002%** -0.002*** -0.002%** -0.002%**
Involvement (0.000) (0.000) (0.000) (0.000) (0.000) (0.000)
Module Volume 0.136%** 0.140%** 0.136%** 0.117*** 0.129%** 0.110%**
(0.000) (0.000) (0.000) (0.000) (0.000) (0.000)
Module Intended 0.005%** 0.005%** 0.005%** 0.005%** 0.004* 0.004**
Contribution (0.001) (0.000) (0.001) (0.000) (0.015) (0.007)
Constant 0.461%** 0.466%** 0.482%** 0.549%** 0.488*** 0.599%%**
(0.000) (0.000) (0.000) (0.000) (0.000) (0.000)
Absorbed Yes Yes Yes Yes Yes Yes
Organization FE
Submission Year Yes Yes Yes Yes Yes Yes
FE
Observations 619159 619159 619159 619159 619159 619159
Adjusted R2 0.124 0.124 0.128 0.134 0.124 0.139

Robust p-value in parentheses
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Table 4 Test for U-Shaped Relationship Between Uniqueness and Integration

Integration
Test of Joint Significance of Uniqueness Variables (p-value) 0.000
Sasabuchi-Lind-Mehlum Test of Inverted-U Shape (p-value) 0.000
Estimated Inflection Point 8.404
95% Confidence Interval — Fieller Method [8.332, 8.478]
Actual Range of Complexity Change Variable [0, 21.463]
Test of Joint Significance of Control Variables (p-value) 0.000
Test of Joint Significance of All Variables (p-value) 0.000
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Table 5 Post-hoc Analysis

Model 1 Model 2 Model 3
Int egration  Integration Integration

Multiple Module Dependency -0.064™
(0.000)
Uniqueness 0.025™  -0.026™  -0.030™"
(0.000)  (0.000)  (0.000)
Uniqueness Squared 0.001™ 0.002"" 0.002"
(0.000)  (0.000)  (0.000)
Multiple Module * Uniqueness 0.016™
(0.000)
Multiple Module * Uniqueness Squared 0.001™*
(0.000)
Within-module Interdependence -0.001™ 0.000
(0.000) (0.577)
Commercial Interests 0.060™"  -0.068™  -0.062"
(0.000) (0.000) (0.000)
Novelty -0.000™ -0.000™" -0.000™"
(0.000) (0.000) (0.000)
New Domain 0.228™  -0.260""  -0.255™"
(0.000) (0.000) (0.000)
No. Replier 0.052"  -0.055™"  -0.054™"
(0.000) (0.000) (0.000)
No. CCed -0.009™ -0.010™" -0.010™
(0.000) (0.000) (0.000)
Innovator Experience 0.008™" 0.007" 0.008""
(0.000) (0.000) (0.000)
Innovator Involvement -0.002™*  -0.002™  -0.002""
(0.000) (0.000) (0.000)
Module Volume 0.089™" 0.114™" 0.110™
(0.000) (0.000) (0.000)
Module Intended Contribution 0.004™ 0.005™ 0.004™
0.009)  (0.002)  (0.007)
High Within-Module Interdependence 0.003
(0.480)
High Within-Module Interdependence * Uniqueness -0.015™"
(0.000)
High Within-Module Interdependence * Uniqueness Squared 0.001**
(0.000)
Cross-module Interdependence -0.010™*  -0.011™
(0.000)  (0.000)
Commercial Interests * Within-Module Interdependence -0.001*
(0.003)
Constant 0.592"* 0.595™ 0.596™"
(0.000)  (0.000)  (0.000)
Absorbed Organization FE Yes Yes Yes
Submission Year FE Yes Yes Yes
Observations 619159 619159 619159
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Adjusted R? 0.145 0.140 0.139

Robust p-value in parentheses
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Table 6 Robustness Check

Model 1 Model 2 Model 3 Model 4 (Logit)
Integration_90 Integration_100 Integration Integration
Within-module Interdependence -0.001™ -0.002"
(0.000) (0.000)
Cross-module Interdependence -0.012" -0.013™
(0.000) (0.000)
Uniqueness -0.030™ -0.031™ -0.027™ -0.122™
(0.000) (0.000) (0.000) (0.000)
Uniqueness Squared 0.002""" 0.002""" 0.002""" 0.007"*
(0.000) (0.000) (0.000) (0.000)
Commercial Interests -0.065"" -0.064"" -0.062""" -0.363"
(0.000) (0.000) (0.000) (0.004)
Novelty -0.000™" -0.000™ -0.000™"
(0.000) (0.000) (0.000)
New Domain -0.252™ -0.251™ -0.233™ -2.045™
(0.000) (0.000) (0.000) (0.000)
No. Replier -0.054™ -0.054™ -0.052" -0.308™
(0.000) (0.000) (0.000) (0.000)
No. CCed -0.010™ -0.011™ -0.009™ -0.053™
(0.000) (0.000) (0.000) (0.000)
Innovator Experience 0.007""" 0.007""" 0.008"" 0.031™"
(0.000) (0.000) (0.000) (0.000)
Innovator Involvement -0.002" -0.001*** -0.002"** -0.003
(0.000) (0.000) (0.000) (0.199)
Module Volume 0.108™ 0.109™ 0.100™" 0.482™
(0.000) (0.000) (0.000) (0.003)
Module Intended Contribution 0.004" 0.003" 0.004™ 0.031
(0.017) (0.035) (0.003) (0.505)
Log Within-Module Dependency -0.017"" -0.064"
(0.000) 0.011)
Log Cross-Module Dependency -0.102" -0.571™
(0.000) (0.000)
Constant 0.594™ 0.593™ 0.608™" 0.379"
(0.000) (0.000) (0.000) 0.012)
Submission Year FE Yes Yes Yes Yes
Absorbed Organization FE Yes Yes Yes No
Observations 619159 619159 619159 619159
Adjusted R? 0.142 0.145 0.144

Robust p-value in parentheses
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Table 7 Test for U-Shaped Relationship Between Uniqueness and Integration: Logit Model

Integration
Test of Joint Significance of Uniqueness Variables (p-value) 0.000
Sasabuchi-Lind-Mehlum Test of Inverted-U Shape (p-value) 0.000
Estimated Inflection Point 8.227
95% Confidence Interval — Fieller Method [7.943, 8.499]
Actual Range of Complexity Change Variable [0,21.463]
Test of Joint Significance of Control Variables (p-value) 0.000
Test of Joint Significance of All Variables (p-value) 0.000
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Figure 2 Predictive Margin of Uniqueness’s Impact on Integration
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Figure 4 Influence of Multimodule on the Relationship Between Uniqueness and Integration
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1.B Case study of Kprobe vs Dprobe

An example of the complexity of Kernel development revolves around the topic of tracing,
where programmers want to inspect the state and behavior of a program by attaching one’s own
code as a probe to record and analyze the performance. Dynamic tracing allows programmers to
inspect the program performance without a time-consuming process called recompiling.

In 2000, IBM proposed Dprobe as a Kernel patch for dynamic tracing. It allowed the
programmer to write the probes in the language that comes with Dprobe and attach the probes to
both the Kernel and any applications (userspace). The notion of dynamic tracing was still new in
2000, and Dprobe was clearly ahead of its time. The IBM proposal was a unique solution in that it
provided its own languages. Moreover, as a comprehensive solution, Dprobe represented the
cutting edge of technology and provided the users high value by allowing tracing both Kernel and
applications. At the same time, Dprobe also would change many functionalities in the Kernel. For
example, the language to writes probes adds a very complex interpreter in Kernel.

Complex new code is a major source of security vulnerability, especially for new modules,
because it doesn’t share source code or functionality with existing code. Every line has to be
considered separately because they all are the new surface area for potential security issues. The
application-tracing feature also required changes to one of the most important Kernel functions,
the virtual memory (VM) system. The virtual memory system is the vital part that allows a modern
operating system to run many applications at the same time regardless of the machine
configuration or whether other applications are running. For example, virtual memory allows
everyday users to surf the internet and write documents at the same time. Virtual memory works
by making applications think that they have the same set of memory space (virtual memory) and

mapping the virtual memory to many types of physical memory so that the user is not constrained
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by the main memory, dynamic random access memory (DRAM). If one application requires more
memory, the Kernel can swap out some memory of another background process to secondary
memory, hard discs, etc., to make space, and the Kernel can then return and swap in the memory
should the other application need it. This is such a fundamental part of the Kernel that proposing
changes in it causes much resistance from the VM developers.

Without a sufficient user base, Dprobe’s many features had little appeal to the external actors,
and its additions and changes caused huge conflicts with memory management subsystems and its
core participating firms and seemed unnecessary at best to the others. This led to the project never
being merged to mainline.

After several years of merging attempts had failed, the project started over as Kprobe. Kprobe
took only the ability to add probes to the Kernel, and instead of using a new language for probes it
used Kernel modules, an existing internal framework. By limiting the scope and reusing Kernel
functionality, the team largely reduced the complexity of the product and removed all the
controversial changes. The simpler patches generated much more interest and contribution activity
from developers outside the Dprobe project.

Kprobes was merged shortly after release and is now the Kernel infrastructure for dynamic
tracing. It comes with a scripting language that generates the probe as a Kernel module and uses
Kprobe for tracing. Even though a significant number of features of the original Dprobe were

removed, the Kprobe that it led to is now a popular Linux feature.

1.C Detailed Description for Linking Mailing List to the Git

Utilizing Secure Hash Algorithm 512 (SHA - 512), an advanced cryptographic hash function, I

map patch submission from emails to git repository based on checksums. A cryptographic hash

54



function is a mathematical algorithm that maps data of any size to a hash, i.e., a string of fixed size.
The function is deterministic. Checksums work as a digital fingerprint of the patch submission.
Small changes result in a large difference in checksum in which the new hash and old hash are not
correlated. If a patch goes through multiple versions, I link the patch only to its earliest duplication.
The reason for existence of multiple versions is because the programmer may fail priorly but
choose to persist in submitting the patch. To reduce the chance of false positives, I remove white
space and capitalization and concatenate all lines during the matching process. To avoid matching
similar changes of different files, I prepend the relative pathname of the file changed to the code.
Overall, 43% of the code submission could be mapped to git commits, where integration is
recorded. The results are consistent with the release engineering literature in computer science. For
example, Jiang, Adams, and German (2013) reports a 47% match rate based on splitting code
submission to chunks between June 2005 and December 2012. For the same time period, I have a
46% match rate based on code submission. I also evaluate my linking approach utilizing the
“Linux-tip” mailing list. This subsystem mailing contains the actual git commit identifier for an

accepted patch.

1.D Detailed Construction of the Uniqueness Measure

The uniqueness used in this work is modeled by normalizing the information content of
certain patches. Generally, the uniqueness corresponds directly to the probability of appearance.
The combination of rarely occurring words makes a document more unique than combinations of
common words. In information theory, information content, also known as Shannon information,
can be used to model such combinations of probabilities. The information content of an event, x,

occurring with probability, P, is denoted by I(x) as follows:
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I(x) = —log,(P)

If we treat the occurrence of individual words in a document as identically independently
distributed random variables (IID), the information content of a document can be formulated based
on the distribution of words. Let P(w) be the probability of word, w, occurring in a language setting,

and D be a document containing multiple words. The probability of document D is P(D) =

HWED P(W)

1(D) = —log, (]_[ P(w)) == > loga(PwW))

wEeD wED

In this study I analyze the patches submitted by individual contributors. Each document
corresponds to a patch, and I use token to represent the word-elements of it. A token is the basic
element that expresses meaning in a piece of code, a technology term. For a computation of “C =
A + B”, the token would be the variables “A”, “B”, and “C” and the operators “=" and “+”. In this
work, I discard all common operators, reserved words and numbers, because their meaning is
predetermined by the programming language. Instead, I focus on tokens that can be assigned actual
unique meanings by the contributors to the Linux Kernel. The remaining tokens include names of
variables, functions, and data types — for example “socket”, “IB_ SMP_ DIRECTION”, “node”,
and “btree_node_alloc”. I also discard the single-letter variables, because they are often used as
temporary variables and meaning can be quite arbitrary.

As both a normalization step and sanity check, we can plot the frequency-rank plot of
tokens in the Linux Kernel source file in the following figure. The x-axis represents the log rank

order of a technology term in the Linux Kernel, and y axis represents the log frequency of that
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term in total corpus. Thus, the distribution appears to follow Zipf’s law, i.e., the frequency of any
word is inversely proportional to its rank in the frequency table. This frequency-rank relationship
is also observed in naturally occurring human languages such as English, drawing a parallel
between patches and English documents. Let F(w) be the frequency and R(w) be the rank of a
token, w, and this relationship is written mathematically as follows.

log,(F(w)) = a — k- logx(R(w))

The frequency of a term in the Linux Kernel source code can be viewed as an
approximation of the probability of the term appearing in a patch submitted for that version of the
Linux Kernel. Thus, we have this relationship between probability and rank.

loga(P(w)) = logx(F(w)) = a — k - loga(R(w))

This equation sets up a relationship between rank and probability. That is, the information

content of a word is proportional to the log of its rank.
I(P(W)) = ~log»(P(W)) = k - log»(R(W)) — a
Thus, the information content of a patch is also proportional to the sum of individual words’

log of their ranks.
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This allows us to express the information content based on the rank of individual words.
This has one major benefit: allowing patches from different time periods of the Linux Kernel to be
compared. Because the code of Linux is constantly evolving, the frequency of certain words can
be diluted by both the number of unique terms and the total size of the code, affecting the
coefficient k and a. However, the rank of a term is rather stationary and not affected by these two

factors.

58



Chapter 2: Knowledge Formation Hazard and Coordination in
Open Innovation

2.1 Introduction

There is increasing interest in understanding the open form of innovation
(Chesbrough, 2003,2006; von Hippel and von Krogh, 2003; von Hippel, 2005).
Taking governance choice as the key, this stream of work has highlighted the
potential of flexible control in generating adoption and knowledge exchange. In the
literature, one fundamental tradeoff of focus is between technology adoption and
value appropriation. Research suggests opening a technology would increase the
adoption rate and thus generate positive network effects. Yet openness of technology
could result in difficulty in maintaining property rights and hence the difficulty in
appropriating value from the focal innovation (Shapiro and Varian, 1999; West,
2003). While the focus has been on the tradeoff between adoption and appropriation,
another tradeoff between discovery and divergence has recently caught the scholars'
attention (Almirall and Casadesus-Masanell, 2010). Research has shown that by
involving in open innovation, the focal firm gains access to external knowledge,
increasing search scope and achieving better innovation outcomes (Fey and
Birkinshaw, 2005; Love et al., 2013). However, due to the divergent interests of
external actors, the focal firm may face increased coordination costs from
complementors (Greenstein, 1996) or lose control over the technological trajectory
(Boudreau, 2010). Bremner and Eisenhardt 2021 shows such a story in the nascent

drone industry. 3DR, a community-based drone firm, discovered a technological
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solution to the bottleneck of problematic product architecture by its diverse global
community. However, the firm struggled to increase the quality of video taken by
drones due to community members being uncomfortable with proprietary designs.

This paper follows the inquiry regarding the second tradeoff, i.e., the tradeoff
between discovery and divergence. While scholars have generated broader insights
regarding the governance implications for the openness of innovation regarding the
tradeoff between discovery and divergence, the various coordination mechanisms that
economic actors can utilize to govern open innovation are often overlooked. Indeed,
recent research has started investigating the more comparative governance question
regarding innovation (Felin and Zenger, 2014). Building on the insight from the
problem-solving perspective (Nickerson and Zenger, 2004), I argue that in addition to
the problem of knowledge appropriation, i.e., actors hoarding information, strategic
knowledge accumulation, i.e., actors shaping knowledge creation, also impacts the
innovation outcome of open collaborations. Literature has pointed out that knowledge
complexity is a primary factor influencing appropriate governance choices for open
forms of innovation (Felin and Zenger, 2014). Following this reasoning, I built a
modified NK to investigate the complexity's role in knowledge formation hazards and
how various coordination mechanisms can mitigate such threats.

The purpose of this paper is to develop theory through simulation. Following
the guidance of Davis, Eisenhardt, and Bingham (2007), I begin by establishing a
"simple theory" that will be used to develop theoretical propositions and inform the
creation and parameterization of simulation models. In turn, these simulation models

will be used to generate novel insights that clarify and expand upon the theory.
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2.2 Theory and Related Literature

2.2.1 Knowledge formation hazards in open collaboration

Researchers have identified two main hazards in knowledge formation: 1.
knowledge appropriation hazard; and 2. strategic knowledge accumulation
(Nickerson and Zenger, 2004). In the traditional knowledge exchange setting, a
knowledge appropriation hazard arises due to the paradox of information (Arrow,
1973). The acquirer does not need to pay for the knowledge as soon as it is revealed.
Thus, self-interested actors will hoard knowledge and sell it in the marketplace.

In open collaboration, openness comes with the loss of control. The loss of
control incurs the incentive problem as no party might have enough value
appropriation potential from the focal technology to invest in it (Boudreau, 2010).
Moreover, opening up the technological system to allow others to make decisions
regarding the technology also increases the competition among complementors or
other external actors. The complementors may have a concern about revealing
knowledge to the system owner to avoid post-entry squeeze from the system owner
(Huang et al. 2013) or knowledge spillover to competitors (Ceccagnoli et al. 2012)
Complementors may also under-invest in knowledge exploration due to increased
competition (Boudreau, 2010). The knowledge appropriation hazard occurs because
the fear of competition and the lack of incentives discourage actors from sharing
knowledge.

Strategic knowledge accumulation, i.e., shaping knowledge creation to

increase the potential extracted value, is also relevant in the open form of innovation.
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When the focal actor opens up its system, it at least loses certain decision rights over
the technological trajectory of the overall design (Almirall and Casadesus-Masanell,
2017). External actors may prioritize the performance of their subsystem over the
performance of the overall technological system. The overall system's performance
may suffer without proper control or incentive alignment.

Prior work has suggested that the dispersion of knowledge is a crucial drive
for adopting an open form of innovation. When the knowledge is more dispersed, the
less likely the focal actor would be able to evaluate the effects of external actors'
design choices on the overall system ex-ante. The dispersion of knowledge further

exacerbates the shaping of knowledge creation by external actors.

2.2.2 Coordination mechanisms in open collaboration

One coordination mechanism to reduce both types of knowledge creation
hazards is providing system-level incentives. In some forms of open collaboration,
such as joint ventures or corporate venture capital investments, system-level
incentives may naturally occur or can be efficiently designed. However, in other types
of open collaboration, such as user-directed innovation or open-source development,
this type of incentive does not exist or cannot be easily designed.

Another coordination mechanism is composing system-level design based on
the alternatives provided by each subsystem. Only if a solution improves the system's
overall performance will it be implemented. I call this mechanism the composite

solution.
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The composite solution guarantees continuous improvement of an innovation
system. However, the knowledge-shaping hazard could still happen. Subsystem
actors can prescreen potential design choices. When actors of different parts of the
innovation system do not need to reveal potential design choices, they could evaluate
multiple alternatives. A self-interested actor can withhold the evaluation of alternative
designs and disclose what is more valuable to the subsystem instead of providing a
more comprehensive picture. It is almost impossible to determine whether the other
party prescreens the solutions or not in reality.

Instead, granting veto power may mediate the hazard caused by subsystem-
level prescreening. "Soft" veto power is exercised in some open-source software
development. If an actor's design choice in one subsystem impacts the performance of
other subsystems, conflicts must be resolved before the new design choice is adopted.
Unfortunately, such veto power can sometimes aggravate the strategic knowledge
accumulation hazard. One example is IBM's failure to incorporate dynamic tracing to
the Linux kernel mainline. Before 2000, Linux had no tool to monitor system
performance without time-consuming recompiling. IBM devoted a team of more than
20 system engineers with inputs from SUSE and some other organizations to develop
a product called Dprobe in 2000. A general probe allowed Linux kernel programmers
to track the system process to debug and monitor performance. But Dprobe could also
track applications' status in the user space. It was cutting-edge and offered great value
to IBM, whose proprietary components depend on such technology, and almost
everyone in the Linux community. However, the application-tracing feature impacts

virtual memory. Dprobe was vetoed and never became a part of official Linux. IBM
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had to develop another solution called Kprobe, with only the ability to trace the
system's state. Other members of the community soon adopted the new resolution.
This example shows that the veto power sometimes results in adopting a sub-optimal

solution.

2.2.3 Complexity

Complexity has long been a central feature of modern innovation. Complexity
means that the components of a system interact in a non-simple way. Change in one
design choice could impact the performance of other system parts (Simon, 1962).
Extensive research has shown that complexity impacts the solution search process
(Levinthal, 1997; Rivkin, 2000). Various coordination mechanisms within a single
firm have been shown to affect performance differently under the environment with
different degrees of complexity (Siggelkow and Rivkin, 2005). Extending this line of
reasoning to investigate various coordination mechanisms between actors in
innovation system performance based on different degrees of system complexity is
natural.

I propose three coordination mechanisms in the above theorizing: system-
level incentives, composite solutions, and veto power. In the session below, I build a
simulation model to compare the effectiveness of these coordination mechanisms

given various complexity.
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2.3 Model Set-Up

2.3.1 Basic NK set-up

The model follows the tradition of NK fitness landscape work in the strategy
literature (e.g., Aggarwal, Siggelkow & Singh, 2011; Csaszar & Levinthal, 2016;
Ethiraj, 2007; Levinthal, 1997; Rivkin,2000; Rivkin & Siggelkow, 2007). A standard
NK model consists of two parameters: N and K. An innovation system can be seen as
Boolean functions: each innovation system consists of N attributes, each taking on
two possible values: 0 and 1. Thus, all possible forms of configurations are 2V. The
parameter K represents the degree of complexity of the system: the contribution of a
given attribute of the system to the overall performance is assumed to be influenced
by K other attributes. K ranges from 0 to N — 1. If K equals zero, then the
contribution of each element of the business is independent of all other attributes, and
the landscape is smooth and has a single peak. When K is larger than zero, the
performance landscape is rugged and has multiple local optimates. The vector for the
innovation system could be denoted as (d,, d,, ..., dy). For an innovation system of
complexity K, each attribute d; can have 2K*different values, depending on the
interactions between other elements denoted as d_; . Then the overall system
performance is a fitness value calculated as the average fitness of all N elements, i.e.

V= [ci1(dy,d_1) + c3(dp,d_3) + -+ cy(dy, d_y)]/N (1)
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2.3.2 Modeling multiple actors' decision-making and the coordination

mechanism

Following prior literature on open and closed development (Almirall and
Casadesus-Masanell, 2017), the innovation system can be perceived as composed of
two subsystems: L1 and L2, each consisting of N/2 features. The overall performance
of the technology system depends on all N features, as specified in (1). Each actor is
assumed to perform local adaption on its subsystem. Local adaption represents the
most-common real-world phenomenon of organizational change, such as refinement
of daily routine or incremental innovation. Based on bounded rationality (Simon,
1962), local searchers evaluate alternatives adjacent to the current status.

Without system-level incentives, actors' payoff only concerns its subsystem.
With system-level incentives, the actor's payoff equals the overall performance of the
technology system.

Prescreen is operationalized as follows: actors of each subsystem could
evaluate alternatives and rank the preferred order; a limited number of options (fixed
at 2 for this analysis) would be provided to the other subsystem to generate the
overall solution.

Veto power is operationalized as follows: when an actor of each subsystem
could propose alternatives to compose a solution for the whole system, actors of each

subsystem could veto over the composed solution based on its performance.
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2.3.3 Simulation mechanisms

To reduce the randomness, I report the average of the 1000 randomly
generated simulation runs. Within each simulation run, for each combination, I
randomly create 20 landscapes of the same structure of N and K. I measure the
performance at T = 100 when practically all pairs have achieved steady states. In the
simulation, I fixed the number of decisions in each landscape, i.e., 12. Environment

complexity takes values of 0 -11.

2.4 Results

2.4.1 Baseline Results

Figure 6 and Figure 7 shows the performance of four types of governance
structure: 1. Open innovation with no coordination; 2. Composite solution; 3.
Composite solution with veto power; 4. Closed when no system-level incentives are
provided. Figure 7 shows the corresponding performance when system-level
incentives are provided. The results show that when there is no complexity, i.e., K =0,
all governance choices perform the same, indicating knowledge formation hazard
does not matter when the problem is fully decomposable. When no system-level
incentives exist, granting veto power can harm the overall system performance due to
increased strategic shaping behavior. Composite solution would improve overall
system performance compared to open-no coordination for low complexity (K=1, 2,
and 3). At the same time, closed innovation, i.e., a single firm making all decisions,
would prevail until relatively high k (K = 7). This confirms the received wisdom in

the literature that open innovation help firms to gain overall better innovation
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outcome when knowledge complexity is high (Felin & Zenger, 2014.) In the case that
a system incentive is present for all parties, closed innovation does not change
performance compared to no system incentive is present and thus serves as the
baseline for comparison. In this case, composite solution and veto power would
improve overall system performance for a moderate to high level of complexity
compared to both closed innovation and open innovation with no coordination.

Interestingly, if every party is concerned with system-level performance, open
innovation with no coordination would no longer outperform closed innovation
mechanisms when K is high. This may indicate that self-interest would benefit a
system to avoid a competence trap. However, the system owners may never know the
other parties’ incentive structures. It suggests that if the system is extremely complex,
the system owner may want to encourage self-serving behaviors in the open

innovation.
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Figure 6 System Performance with No System Level Incentives (Random
Interaction)
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Figure 7 System Performance with System-Level Incentives (Random Interaction)
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2.4.2 Exploring different patterns of interactions in open collaboration

Organization design literature has provided evidence that different patterns of

interdependence create a varying impact on coordination and thus innovation

performance (Rivkin and Siggelkow, 2007; Aggarwal, Siggelkow & Singh, 2011).

Building on this insight, I further explore how patterns of interactions would interplay

with coordination mechanisms under various complexity. In the following session, I

explore the following interaction patterns: 1. Random; 2. Local; 3. Small World; 4.

Block Diagonal; 5. Central; 6. 2-Way Central Block Diagonal; 7. Central Block

Diagonal; Figure 8 shows the representation of each interaction pattern when K = 2.

Figure 8 Interaction patterns when K=2
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Random. This is the baseline interaction patterns explored in the prior session.

While a technological system with a truly random pattern rarely exists, researchers

have studied this pattern extensively. To operationalize this pattern, other than

interaction with the attribute itself that corresponds to the diagonal elements, K's
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other random interacting attributes are selected to generate each attribute's fitness
function.

Local. This captures interaction between nearby attributes. It reflects the
"sequential interdependence" (Thompson, 1967). In operation, attributes' fitness
depends on a window of K+1 attributes centered around the attributes.

Small world. This captures the interaction between mostly nearby attributes
with few interactions between attributes far away within the system. Small world
networks feature high local clustering and short global separation, meaning a local
change can impact the global structure drastically (Watts and Strogatz, 1998). In the
simulation, an attribute's fitness depends on a window of K+1 attributes centered
around the attributes, with some replaced by attributes that are further away.

Block Diagonal. A system of such structure is usually seen as decomposable
and can be modularized (Baldwin and Clark, 2000). In the simulation, nearby K+1
attributes are all-to-all connected. This corresponds to blocks located on the diagonal.

Central. A centralized interaction pattern reflects a system where the system
owner controls critical decisions. In the simulation, K attributes at the beginning are
central attributes where all other attributes' fitness function depends.

2-Way Central Block Diagonal. This reflects a system where every decision
depends on "core" decisions, and the "core" decisions also depend on other decisions.
It is a simplification of the core-peripheral structure that is widely observed in the
complex real-world technological system such as open-source software projects

(Baldwin, MacCormack & Rusnak, 2014). K/2 attributes are 2-Way central attributes
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where they both influence and are influenced by other attributes. Other K/2 attributes
are located on the block diagonal.

Central Block Diagonal. This also reflects a core-peripheral structure.
However, in this system, the core does not depend much on the peripherals. Google
play store is an example where app developers depend on the Android operating
system provided by Google (Agarwal & Kapoor, 2007). In the simulation, K/2
attributes are central attributes that influence all other attributes, with the rest K/2
attributes located on the block diagonal.

The performance pattern for four different coordination mechanisms in the
Local interaction pattern (Figure 9 and Figure 10), Small world interaction pattern
(Figure 11 and Figure 12), and Central interaction pattern (Figure 15 and Figure 16)
are very similar to the baseline Random interaction pattern. However, when the
system is modularized in the form of Block Diagonal (Figurel3 and Figure 14), open
innovation without coordination performs very similarly to closed innovation when K
is low to moderate even if there is no system incentive. For the 2-Way Central Block
Diagonal interaction pattern (Figure 17 and Figure 18), a simplification of one-type
“core-peripheral” structure, when no system incentive is present, open innovation
with no coordination performs best for all range of complexity; meanwhile, when
system incentive is present, open innovation with veto power performs best. For the
Central Block Diagonal interaction pattern (Figure 19 and Figure 20), another type
of “core-peripheral” structure, when no system incentive is present, open innovation
with no coordination perform best for all range of complexity except for K = 1; at the

same time, open innovation with coordination mechanisms of veto power or
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composite solution both perform better to closed innovation when the system
incentive is present.

The patterns discussed show that the best coordination mechanisms not only
depend on the general complexity of the technological system, but the actual patterns
of interaction also matter. Moreover, if the system is modularized or has a “core-
peripheral,” the system designer or ecosystem owners do not necessarily need system-
level incentives to achieve better innovation outcomes. In such a system, if there is a
system-level incentive, then granting veto power to ecosystem participants could be a
winning coordination strategy. This may reflect why in some open-source software
projects where the technological structure is either modularized or “core-peripheral,”
and participants are assumed to be altruistic, veto powers are given to community
members such as non-profit organizations (but not necessarily to the for-profit
companies). It is also worth noticing that when K approaches very high, the pattern of
interaction does not differ much. Thus, the interaction pattern is more of a concern for

low to moderate complexity technology system.
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Figure 9 System Performance with No System Level Incentives (Local Interaction)
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Figure 10 System Performance with System-Level Incentives (Local Interaction)
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Figure 11 System Performance with No System Level Incentives (Small world
Interaction)
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Figure 12 System Performance with System-Level Incentives (Small world
Interaction)
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Figure 13 System Performance with No System Level Incentives (Block Diagonal
Interaction)
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Figure 14 System Performance with System-Level Incentives (Block Diagonal
Interaction)
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Figure 15 System Performance with No System Level Incentives (Central
Interaction)
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Figure 16 System Performance with System-Level Incentives (Central Interaction)
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Figure 17 System Performance with No System Level Incentives (2-Way Central
Block Diagonal Interaction)
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Figure 18 System Performance with System-Level Incentives (2-Way Central Block
Diagonal Interaction)
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Figure 19 System Performance with No System Level Incentives (Central Block
Diagonal Interaction)
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Figure 20 System Performance with System-Level Incentives (Central Block
Diagonal Interaction)
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2.5 Conclusion and Discussion

This study investigates a critical tradeoff, i.e., the tradeoff between divergent
and discovery, that a technology owner faces when engaging in open innovation. I
created a modified NK simulation to show that the appropriate coordination
mechanism of innovation is a function of the technology system’s complexity and the
pattern those attributes within the system interact. Generally, offering incentives to
other participants will reduce the strategic knowledge accumulation behavior and thus
improve the overall performance of the technology. However, it is worth noting that
participants with system incentives mean that all parties be altruistic and commit to
perfect communication. This can only be true in rare cases (joint venture, for
example. Another example may be the very early stage of an open-source project in
that only a tiny group of well-intended experts are engaged.) Veto power could
significantly harm the technology if there is no incentive aliment. In addition, if the
technology system is modularized or has a “core-peripheral” structure, system owners
do not need to worry about system incentives because allowing participants to
innovate freely will reach the best outcome.

This study makes several contributions. First, it contributes to the open
innovation literature (Chesbrough, 2003,2006; von Hippel and von Krogh, 2003; von
Hippel, 2005). While most of the inquiry concerns the tradeoff between adoption and
appropriation, this paper provides some insights on another tradeoff between
discovery and divergence that has recently caught the scholars' attention (Almirall
and Casadesus-Masanell, 2010). Second, this study contributes to the emerging

problem-solving perspective (Nickerson and Zenger, 2004). I show how strategic
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knowledge accumulation, i.e., actors shaping knowledge creation, can impact the
innovation outcome in open collaborations. While the problem-solving perspective
generally concerns the degree of knowledge complexity as the primary factor
influencing appropriate governance choices (Felin and Zenger, 2014), I show that the
patterns of how the knowledge components are connected also have important
implications for governance choices.

This study has several limitations that call for future research. First, the
current model assumes a fixed partnership in open collaboration. Yet one advantage
of open innovation is the access to various sources of knowledge. This assumption
can be relaxed to allow firms to choose partners in future studies. Second, the current
model only concerns the tradeoff between discovery and divergence in innovation.
The future model may want to incorporate the tradeoff between adoption and
appropriation to generate a more comprehensive understanding of the proper
governance/coordination mechanisms. Third, the generalizability of the simulation
findings may be limited to some forms of open innovation as the dynamics related to
hidden knowledge (Felin & Zenger, 2014) are not considered. In addition, the NK
model itself has several limitations. For example, the NK model could not consider
competition in innovation. NK model also assumes that agents discover solutions in
the search landscape while leaving the question of the emergence of the search
landscape untouched (Felin, Kauffman, Koppl, & Longo, 2014).

To conclude, this study offers a step forward in understanding how technology
owners should engage in open innovation given the knowledge complexity and

structure. The validity of the simulated mechanisms and predictions requires a more
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systematic empirical analysis of real-world innovation practice. I hope that this work

will stimulate future research in this area.
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Chapter 3: Exploring the Evolution of Innovation Ecosystem:
An empirical study of Linux Kernel

3.1 Introduction

Many innovative efforts play out in highly interdependent technological
systems (Teece, 1998; Adner, 2006; Adner & Kapoor, 2010). Innovators, both firms
and individuals, are part of the broader ecosystem where their innovations serve as
components and connect to each other to evolve jointly over time (Adner, 2017,
Chesbrough & Teece, 1998; De Laat, 1999; Teece, 1986). Any innovative
component's thriving and survival depend not only on its usefulness and
competitiveness but also on many other connected components and corresponding
ecosystem participants (Jacobides, Gennamo, & Gawar, 2018; Kapoor, 2018).

While such systemic innovations have been an important topic in management
research for decades (Rosenberg, 1983, 1994), the recent proliferation of information
technology has increased the importance of an ecosystem perspective (Ganco, Kapoor
& Lee, 2020; Jacobides et al., 2018; Holgersson et al., 2022). Central to this
ecosystem perspective is the design concept of interdependence and modularization.
Modularization allows complex, interdependent systems to be divided into simpler,
nearly independent modules or subsystems (Baldwin & Clark, 2000; Simon, 1962),
where flexible innovating efforts from different producers simultaneously happen
with limited coordination. The technological ecosystem emerges and evolves as a
result (Jacobides et al., 2018). Extant studies have provided significant insights into

how system-level interdependence and modularity may impact innovations (Adner &
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Kapoor, 2010; Ethiraj, 2007; Hannah & Eisenhardt, 2018; Kapoor & Furr, 2015;
Kapoor & Lee, 2013). The central theme of this research stream has been identifying
how interdependent activities within the ecosystem impact the value creation of a
focal firm, usually the ecosystem owner or orchestrator, and how the focal firm may
respond and adapt (with few expectations concerning the complementors of a
platform ecosystem, e.g., Kapoor a& Agarwal, 2017).

However, underlying the focus on system-level considerations is the implicit
assumption that interdependence and modularity are system-level properties and
impact the innovative components and the firms creating them similarly across
different locations within the ecosystem (Ganco et al., 2020). This assumption may
not be realistic. For example, in platform-centric ecosystems, the technological
structures usually are core-peripheral (Kapoor, 2018). Such forms are also dominant
in software codebases (Baldwin, MacCormack & Rusnak, 2014). A core-peripheral
structure means that many innovators working in the peripherals will usually face
localized interdependence with low-cognitive complexity (Colfer & Baldwin, 2016),
behaving differently compared to those working around the core (Bolici, Howison &
Crowston, 2009). Moreover, the structural interdependence is assumed to be constant
or changed purely by the focal system owner (Kapoor & Agarwal, 2017), ignoring the
multiple forces in the system's evolution. However, as ecosystem participants interact
with each other to innovate continuously, new components may emerge, existing
components may disappear, and the linkage between components or modules may be

rearranged (Tiwana, Konsynski, & Bush, 2010)
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This paper intends to explore the evolution of the ecosystem from micro-
structure. Particularly, I focus on the survival of individual ecosystem components
and explore how local technological dependency and social composition may relate to
the component survival. There are reasons to believe that taking a micro-structure
evolutionary approach at levels lower than the system may add additional insight into
how the ecosystem functions and how actors, particularly those non-system owners,
may manage the interdependence. In recent years, the management field has seen an
increase in the study concerning the lower-level architecture of a system (Fixson &
Park, 2008; Puranam, Alexy & Reitzig, 2014). The work has shown that positions
within a system are closely related to how firms should manage ecosystem-level
interdependence (Adner, 2006; Ganco et al., 2020). Moreover, researchers have been
increasingly interested in the evolutionary dynamics of ecosystems(Jha, Pinsonneault
& Dube, 2016; Kapoor & Agarwal, 2017; Tiwana, 2015). The generative nature of
the ecosystem means that heterogenous innovative efforts will change the system
structure and impact future innovative activities (Cennamo & Santalo, 2019). What
changed during the evolution is not only the technological structure but also the social
composition and environments of the ecosystem (Tiwana et al. 2010).

Yet research taking a micro-structure evolutionary approach to understand the
ecosystem interdependence has been scant. One significant challenge in empirically
exploring these questions is the data limitation. Observing real-world systems'
architectural patterns and social interactions is difficult (Baldwin et al., 2014). At the
same, interdependence and modularity are theoretical variables central to the

ecosystem perspective but "hard to measure from archival sources" (Puranam,2018).
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Thus, this study only intends to push the understanding of the evolutionary pattern of
ecosystems a step further by exploring component-level survival within an ecosystem.
Empirically, I examine micro-structure data documenting the evolution of Linux
Kernel, the most commercially important open-source software ecosystem. Linux
Kernel attracts a diverse group of innovators ranging from individuals, to non-profit
organizations, to large successful commercial firms such as Google across industries
from automobiles to wearable devices to supercomputing. These actors innovate
differently but collaboratively at diverse locations within the system. Meanwhile,
Linux Kernel maintains a transparent development (despite security-related concerns),
meaning that the evolution of the technological system and the social interaction
patterns are recorded and directly observed. Together, these features make Linux
Kernel an ideal setting to understand the evolutionary patterns, particularly the
component level survival within an ecosystem.

The study first shows how the ecosystem's technological structures and social
composition evolve. The results indicate that the system evolves in a non-linear way:
new clusterings emerge while new components are likely to depend on the existing
ones. Then the analysis concerns component level survival. I find that impacting other
files (being visible to others) is positively associated with component survival. The
result also shows that component survival is positively associated with corresponding
between technological structure and social working group. When taking social
aspects into account, commercial involvements are negatively associated with
component survival, while power concentration is positively associated with

component survival.
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Due to the limited empirical evidence in the literature regarding the evolution
of the innovation ecosystem, this study is purely exploratory with a confined scope
only to push our understanding one step further by documenting evidence on
component survival. The study begins by briefly outlining the motivating literature
behind the role of interdependence and modularity of an ecosystem and more recent
work on organization design that features analyzing new forms of organization such
as ecosystem through micro-structure evolutionary considerations. These two streams
of literature motivate my exploration of innovation survival within a broader
ecosystem. I then outline the methods and analyses. The study concludes with future

research using a micro-structure evolutionary approach to understand ecosystems.

3.2 Theoretical Background

3.2.1 Innovation Ecosystem

Innovations have become increasingly common as components of broader
technological systems (Teece, 1998). Innovations involving nearly all complex
products, services, and supply chains involve abundant interdependence across
participating actors in the ecosystem. Within these innovation ecosystems, the value
of innovation, core or complementary, is jointly determined by the overall ecosystem
(Adner, 2012; Adner & Kapoor, 2010; Kapoor & Lee, 2013). Salient to the ecosystem
is the technological interdependence, as components innovated by different actors
need to interact structurally to function (Baldwin & Clark, 2000; Ethiraj, 2007).
Interdependence means that the components interact in a non-simple way. Increasing

the number of components does not necessarily increase the interdependence directly.
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For instance, if each component is independent, the configuration of the additional
component is easy to access, and any actor can experiment without interfering with
the optimal configuration of other components (Levinthal, 1997; Rivkin, 2000).

Interdependence hence has been one of the central focuses in the study of
ecosystems. A stream of research, referred to as the ecosystem-as-structure approach
(Adner, 2017), sees firms as actors connecting to each other via the structural
interdependence of components in the ecosystem(Adner & Kapoor, 2016),
investigating how such interdependence impact innovation and how innovators may
manage such interdependence to realize a joint value-creation (Adner & Kapoor,
2010; Ethiraj, 2007; Hannah & Eisenhardt, 2018; Kapoor & Lee, 2013). For an
ecosystem to emerge and actors to simultaneously innovate, modularity is needed to
manage such interdependence (Baldwin, 2012; Jacobides et al., 2018 ). And the
architecture structure of an ecosystem system is often divided into relative
independent subsystems (modules) that deliver unique functions (Pil and Cohen, 2006)
with "thin crossing points" in between.

Although the body of empirical work documenting the link between system-
level interdependence and modularity with innovation performance is substantial,
recent theoretical work has pointed out the asymmetric interdependence (Adner, 2017)
and the locations, i.e., upstream v.s. downstream (Ganco et al., 2020), within the
ecosystem, have implications for actors' innovation strategy and performance. Even
for an ecosystem with relative homogeneous structural interdependence, such as the
Google Play platform, location within the ecosystem impact app developers as

innovators' positioning choices and performance (Barlow, Verhaal & Angus, 2019).

88



Moreover, various ecosystems, such as platform-centric or information-based, have
core-peripheral technological structures ( Baldwin, MacCormack & Rusnak, 2014;
Kapoor, 2018; Kretschmer et al., 2020). Thus, the large number of innovators
working in the peripherals usually face localized interdependence that differs based
on the functionality of the components (Colfer & Baldwin, 2016), while a smaller
number of core innovators will work across modules, coordinate their activities, and
direct the general evolution of the ecosystem (Bolici, Howison & Crowston, 2009;
von Krogh, Spaeth & Lakhani 2003). That is to say, innovators across the ecosystem
might not manage the same interdependence and modularity imposed by the system-
level structure. Indeed, design literature treats modularity as a component-level
property (MacCormack, Rusnak & Baldwin, 2007). Thus, an examination of
interdependence and modularity at the component level is needed to understand the
innovation within an ecosystem better.

Interdependence and modularity have long been argued to impact evolution of
complex system (Simon, 1962). Modularity allows individual components to evolve
relatively independently (Baldwin & Clark, 2000). As a result, more modularized
components have more flexibility in adaptation (MacCormack, Rusnak & Baldwin,
2007). In a complex system, death of a component is seen as a major event of
adaptation. Thus, one might expect components more interdependent with other
components are less likely to experience major adaptations such as component death,
and thus have a higher chance of survival.

Ecosystems' interdependence is reflected not only in their technological

structure but also in their social composition as the industry and firm boundaries are
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breaking down and diverse actors are brought together (Gulati, Puranam, & Tushman,
2012; Moore, 1996). Ecosystem participants thus differ in the division of labor and
the integration of efforts (Puranam et al., 2014; Felin and Zenger, 2014; Puranam,
2017) from the traditional ways of organizing in the market or the hierarchy
(Jacobides et al., 2018; Holgersson et al., 2022). For instance, innovators can self-
select into the task, deciding where and how to innovate (von Hippel and von Krogh,
2003). They may be motivated by non-peculiar motivation, such as needs and
intrinsic motivation (Shah, 2006). While modularity enables distributed, autonomous
innovation (Raymond, 1999), coordination is still required. The ecosystem owners, if
exist, may set rules for task modularization, yet a lot of coordination and self-
governance is by social norms, especially in the open form of ecosystems
(O'Mahoney, 2003, Lee & Cole, 2003). The competitive dynamics also differ. For
instance, some ecosystems may consist of multiple vertically related industries, and
innovators who compete in one sector can collaborate on another (Yoo, Henfridsson
& Lyytinen, 2010). Some participants of ecosystems may be non-profit organizations
or individuals less prone to the free-riding problems prevalent in ecosystems. While
the social structure interplays with the technology structure within an ecosystem as
ecosystem participants interact to innovate continuously (Agarwal, Gupta & Kraut,
2008), the technological system and the ecosystem it is embedded in co-evolves over
time.

One social composition worth investigating is the concentration as industry
organization research has long suggested the Schumpeterian hypothesis, i.e., that

more concentrated industries would stimulate more innovations (Schumpeter, 1943).
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Given the Schumpeterian hypothesis, a component with more concentrated
contributions would experience more innovative efforts. However, more innovative
attempts do not necessarily translate to survival in an ecosystem setting. More
innovations might mean new components generated to replace the current function.
Thus, it is worth investigating how concentration would impact component
death/survival. Another more prominent feature in an ecosystem reflects divergent
financial interests. Commercial participation is more prevalent in parts of the
ecosystem where the financial stakes are high, and commercial entities are likely to
have incentives to keep the current products and income streams. In contrast, non-
commercial ones have no such incentives and are more likely to allow old
components to be replaced. Thus, the more commercial interest around a component
and its local environment, the more likely a component might survive.

Due to limited empirical research addressing the evolution of the ecosystem,
particularly the survival of ecosystem components, I conducted an exploratory study
based on both the technological structure and the social feature. I start the analysis
with an effort to depict the evolution of the overall technological structure using the
well-established Design Structure Matrices (DSMs) method (Baldwin et al., 2014;
MacCormack, Rusnak & Baldwin, 2006; LaMantia et al., 2008) and provide some
descriptive statistics related to the ecosystem's social environments. DSMs is a tool to
use a sparse matrix to understand the connectedness between components for
information products. I then explore how the component level modularity and the
social features related to incentives and concentrations may impact the component's

survival.
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3.3 Setting

My empirical context is the ecosystem surrounding Linux Kernel
development between version 2.6.13 (July 2005) and version 4.17 (June 2018). Linux
Kernel consists of all primary functions of a Linux operating system. It controls the
resource allocation such as memory and the information flow between process and
hardware. It is the core of Linux OS and is almost the same across hundreds of
distributions such as Redhat or Debian, both commercial and non-commercial. Even
the Android operating system is a modified Linux kernel.

Today Linux composes a significant market share in various industries
ranging from supercomputing to public clouds to smartphone operating systems.
Being versatile and commercially important, Linux Kernel attracts different
individuals, non-profit organizations, and firms to innovate and collaborate across the
boundaries of organizations, industries, and countries.

To work with a wide variety of hardware and implement various functions,
Linux Kernel has grown from a simple product to one of the largest and most
complex information products in human history (Kuwabara, 2000). The Linux-0.01,
i.e. the very first version of Linux kernel, consisted of only eight first-level directories
(boot, fs, include, init, kernel, lib, mm, and tools), three second-level directories
(include/asm, include/linux, include/sys), and in total less than 100 working files. Yet
Linux v4.17 (the end of the sample period) has 23 first-level directories, including all
top-level directories that appeared in 0.01 except boot which has been moved under
"arch," 571 second-level directories, and thousands of working files. Within the

kernel, area such as memory management has lots of interactions with other
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components. At the same time, certain device drivers are relatively independent,
serving the sole purpose of enabling the focal hardware to communicate with other
parts of the operating system.

Concurrent with the increasing complexity and functionality of the technology
structure is the change in social dynamics in the surrounding ecosystem. Originally
started as a community project based on voluntary participation from a small number
of hardcore programmers, Linux has experienced the for-profit firms' involvement
becoming the norm (Dahlander and O'Mahony, 2010), especially after the successful
commercialization of the Linux-based Android system in 2008. Today voluntary
work contributes less than 10% of Linux Kernel development; while information
technology giants such as Google, Microsoft, and IBM, semiconductor manufacturers
such as Samsung (South Korea) and Renesas Electronics (Japan), well-established
firms from traditional industries such as Toyota, Barclays, and Philips, and smaller
companies across a broad spectrum of industry all collaboratively contribute the rest
(Corbet & Kroah-Hartman, 2017).

As an information product, the Linux kernel allows for observing
technological structure through a well-established analytical tool called DSMs
(MacCormack, Rusnak & Baldwin, 2006; LaMantia et al., 2008). Moreover, kernel
development operates under transparency through public mailing lists (despite
security-related concerns), meaning all innovative attempts and evolutions are
observable. This feature reduces the sample selection bias created by private pulls and

internal developments that are common in such information products.
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In sum, being economically significant, Linux Kernel is an exemplary
innovation ecosystem for understanding technological and social structures' evolution.
The way it is developed and recorded allows for a micro-structure analysis over a

long period, ideal for exploring concepts that are otherwise hard to measure.

3.3.1 Data Source

I obtain data from Linux mainline Git repository and kernel mailing list. Git is
a version control system tracking the complete history of information projects. All
Linux release versions since v2.6.13 are tracked and tagged within Git. These tags
allow for reverting the state of the source code to each historical release and querying
the changes since the corresponding release. The mailing list tracks much of the
social collaboration (despite work on security-related concerns) in developing the
kernel. Authors of the Linux post questions and answers and submit their changes to
the code through the mailing list. The Linux foundation archives all mailing lists
recognized by the kernel contributors using the open inbox project. The main mailing
list, aptly named the Linux Kernel Mailing List, contains messages dating back to

1997 and has included all exchanges on it since.

3.4 Methodology and Results

3.4.1 Methodology

One analytical reflection of the design structure and, in turn, the
interdependence of information products is the Design Structure Matrices (DSMs)

(Baldwin et al., 2014; MacCormack, Rusnak & Baldwin, 2006; LaMantia et al., 2008).
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DSMs express dependencies between software components using sparse matrices
where nonzero values denote the existence of such dependencies. The structures of
the matrices, i.e., how the nonzeros are distributed, thus represent how different
components relate to and affect each other. Mathematical tools exist to aggregate the
distributions of nonzeros in a sparse matrix into high-level metrics to understand how
a change in one component may propagate to another.

I follow the work of MacCormack et al., 2006 and Baldwin et al., 2014 to use
function calls as the dependency and files as the components. When a function is
called in another file, the effect of the function will affect how the file behaves. This
dependency necessitates communicating the workings of the function to the authors
of the files that call it. Function call information thus provides insight into the design
structure of an information product. Figure 21 depicts a simple example of how DSM
represents dependency structure. In Figure 21, the project has two files, A & B. File
A has Function 1, and File B has Function 2 and 3. Function 2 calls Function 1. So,
File B depends on File A. Function 3 also calls Function 2, another function in the
same file. Thus, File B depends on itself. In reality, almost all files have functions
calling another function in the same file; thus, the diagonal of the DSM is almost
always nonzero.

To apply DSMs on Linux kernels, I used Sourcetrail® to extract function calls
based on the information presented in the source code. The Linux kernel is a large
project containing customizable options only available on specific hardware-software

combinations: these options also affect functions being used and even which files are

% https://www.sourcetrail.com/
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included in the kernel during the compilation. To capture how the "core" of Linux is
evolving, I extract information using the default options for the "x86 64" architecture
shipped with each kernel release.

Figure 21 Illustration of DSMs

File A File B A B
Def func1{ Def func2 { A
call func1
} Y
Def func3 { B | 1 1
call func2 - -

DSM

Following the design literature using DSMs, several high-level metrics are
used to profile the structure of the Linux kernel quantitatively as follows.
e Fan-in measures how a file is directly significant to other files in the software
system. This metric is produced by summing up each column in the matrix.
e Fan-out accounts for how other files in the system directly impact a file. This
is the sum of each row of the matrix.
e Link density equals all direct dependencies divided by the square of total

components.
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The propagation matrix accounts for all the direct and indirect dependencies
in the software system. This is calculated using direct dependencies.
Algebraically, it is equivalent to raising the matrix to a large enough power
until the nonzero structure no longer changes. Propagation cost thus equals the
sum of all elements in the propagation matrix divided by the square of total
components.
Cumulative fan-in (CFan-in) reflects the maximum number of files affected
by a file through direct and indirect dependencies. This metric counts the
number of nonzeros on each column of the propagation matrix.
Cumulative fan-out (CFan-out) is the number of files directly or indirectly
impacted by the focal files in the system. This metric counts the sum of each
row of the propagation matrix.
Buses are files in the system that directly influence a large number of files.
These files are identified when their fan-in is greater than a threshold: 10% of
the total number of files.
Actual clustering identifies parts of the software that are tightly coupled by
assigning each file a cluster. Dependencies between files in the same cluster
are encouraged compared to dependencies across clusters. Smaller clusters are
also preferred over large clusters. Buses are excluded from the clusters. These
preferences are reflected in a weight assigned to each dependency in the DSM
as follows.

o DependencyCost(i,j) =

* DSM(,j) * n*if i,j in the same cluster
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= DSM(,j) ifiis a bus
*  DSM(,j) * N*if i,j not in the same cluster
o nis the number of files in the same cluster, and N is the total number
of files. A =2. DSM(i,j) = 1 when j depends on i, otherwise 0. (maybe
put this definition up)
This clustering is achieved by finding the assignment of clusters that

minimizes the total DependencyCost.

3.4.2 Evolutionary Pattern at system-level

Figure 22 shows the DSMs for Linux Kernel 2.6.13, and Figure 23 shows the
DSMs for Linux Kernel 4.17. In Kernel 2.6.13, there are total 1310 files(components)
with a total 9616 links(dependencies). An average file has around 316.3 functions. In
Kernel 4.17, there are 3964 files (components) with a total of 35513 links. An
average file has around 1532.1 functions. This increase shows that the system is
generative, growing significantly. It also shows that new clusterings emerge while
new components added are likely to depend on the existing ones.

Figure 24 and Figure 25 show the time-trend of the following statistics: Core
Size (Size of largest clusters), Core Percentage (Largest cluster percentage), Link
density, and propagation cost. The size of the largest clusters grows almost linearly as
the number of files increases, resulting in the largest cluster percentage fluctuating
around 50%, indicating Linux Kernel has a core-peripheral structure. The trend shows
that as the number of components increases, the link density decreases quickly,

following the power-law (coefficient of determination 0.977). Yet the propagation
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cost fluctuates below 1%. The extremely low propagation costs mean that the Linux
kernel is very loosely coupled, and a change to one component has less than a 1%
probability of impacting another component. These all correspond to findings in prior
literature (Baldwin et al., 2014).

Figure 22 DSMs for Linux Kernel V2.6.13
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Figure 23 DSMs for Linux Kernel V4.17
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Figure 24 Evolution of Linux Kernel technological structure statistics — Core files
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Figure 25 Evolution of Linux Kernel technological structure statistics — Link
density and propagation cost
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3.4.3 Understanding the social composition change of the Linux kernel

ecosystem

Literature has shown that ecosystem owners can provide incentives through
resources/information sharing and conferment of autonomy (Chen et al., 2022). In
more open ecosystems such as Linux kernel, information sharing and autonomy
levels vary based on the commercial involvement and the concentration of power
(Eckhardt, Ciuchta & Carpenter, 2018; Levine and Prietula, 2013). Thus, I explore
metrics regarding these two aspects in the social composition of ecosystem
participants. Ecosystem participants in the Linux Kernel ecosystem are defined as the
authors of software patches submitted to the mailing list. Authors are identified by

their email addresses. Based on their email domains, authors are grouped based on
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their organization affiliations. I also divide organizations into two types: non-
commercial (including military, education, government, and non-profit organization)
and commercial. Thus, each coding contribution can be associated with these social
structure properties. Contribution is defined as changes made to a component (i.e.,
file) in a patch. Thus, if a patch changes three files, it contains three contributions in
total.

The metrics of the contributions are first shown regarding the overall system. I
use two sources: 1. the email exchanges record regarding how many contributions are
attempted and 2. the git history record of how many contributions are accepted,
respectively. I tracked the following four constructs: Commercial Submitted,
Commercial Accepted, HHI Submitted, and HHI Accepted. Figure 26 shows the trend
of these four constructs over time. As we can see, the contributions attempted are
becoming more and more concentrated so are the contribution accepted. However,
they are still reasonably low, reflecting the open nature of this ecosystem. During the
period with high commercial attempts (Mid 2007 to Mid 2012), the contributions
accepted by the commercial entities were relatively low. Yet the high commercial
attempts period also coincides with Android's high growth period (Google founded
the Open Handset Alliance in 2007, and Android became the most popular operating

system for mobile devices in 2012).
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Figure 26 Time trend of commercial ratio and HHI of companies participating in
the development of the Linux Kernel
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3.4.4 Exploring component level survival

I focus on component-level survival in the following analysis to better
understand how the ecosystem evolves. The unit of analysis is at the component-
version level. The main dependent variable of interest is thus Component death.
Component death is coded as one if the component disappears in the next version, as
zero otherwise. I estimate the random-effect logit model.

I explore the variables related to technological interdependence including
component level Cumulative fan-in (CFan-in) and Cumulative fan-out (CFan-out).
Fan-in and Fan-out are used as alternative measures for robustness. I also explore
whether the technological clustering and the nominal work group designed by the

system architect correspond. To do so, I calculate the Pct dominant cluster as what
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percentage of components belong to the dominant clusters in the Nominal module.
Nominal module is defined as a 2-level subdirectory such as virt/kvm or
drivers/media, arch/x86, and kernel/locking. A 2-level subdirectory usually has so-
called subsystem maintainers in charge, and most specialized kernel-related mailing
lists correspond to a 2-level subdirectory, the kvm mailing list for virt/kvm, for
example. Thus, the structure of the subdirectory reflects the working group structured
by the system designer.

I further explore the social composition's impact on component survival.
Corresponding to the analysis at the system level, I calculate Commercial Submitted,
Commercial Accepted, HHI Submitted, and HHI Accepted at both component (file)
and nominal module levels. I also include a set of control variables: Changes
measures how many times the components are being changed between the last and
current version. Component count measures the number of components within a
nominal module. Same function measures the number of unchanged functions
between the last and current versions. Table 8 shows the summary statistics of the
variables. Naturally, the mean of fan-in and fan-out (as well as the Commutative fan-
in and Commutative fan-out) will be equal because dependency relationships are
symmetric. Yet, due to missing values for some of the controls, Fan-in and Fan-out
in regression analysis will differ slightly in mean. Table 9 shows the correlations of
the variables. As we can see, the submitted has a relatively high positive correlation
with attempted measures, and so are the module-level social constructs with

component-level ones. To avoid multi-collinearity, I run regressions separately.
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Table 10 presents a set of models exploring local technological
interdependence's effect. Model (3-1) includes Cumulative fan-in (CFan-in) and
Cumulative fan-out (CFan-out) as well as controls, Model (3-2) uses alternative
measures of Fan-in and Fan-out, Model (3-3) adds Pct dominant cluster to Model (3-
1), and Model (3-4) adds Pct dominant cluster to Model (3-2).

This set of results shows that Cumulative fan-out or fan-out is generally
negatively associated with Component death, while Cumulative fan-in or fan-in
generally has little to no association with Component death. In Model (3-1), the
average marginal effect of Cumulative fan-out is -0.0002642 with a 95% CI of [ -
0.0003142, -0.0002142]. The probability of Component death reduces from
0.0174176 to 0.0107684 if Cumulative fan-out changes from mean to one standard
deviation higher. Similarly, in Model(3-2), the average marginal effect of fan-out is -
0.0005243 with a 95% CI of [ -0.0006914 -0.0003572]. The probability of
Component death reduces from 0.0208531 t0.0160041 if fan-out changes from mean
to one standard deviation higher. The results indicate that components that are
seen/called by others directly or indirectly are associated with a lower probability of
component death. Such components are either system "Buses," providing shared
functionality to other parts of the system, or part of "Cores ."

Meanwhile, those files that call many other files do not have much survival
advantage compared to those that do not call, holding being called constant. This
might indicate that the components that direct system flows can be replaced easily or
quickly obsolete. While the "Buses" and "Cores" are more challenging to develop,

especially for non-owner participants who are less likely to have a good
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understanding of the overall architecture, they seem to survive. This implies that non-
owner participants may face the tradeoff of knowledge becoming obsolete and the
easiness of obtaining the knowledge.

Model (3-3) and Model (3-4) shows that Pct dominant cluster has a significant
negative association with Component death. In Model (3-3), the average marginal
effect of Pct dominant cluster is -0.0580224 with a 95% CI of [ -0.0660704 -
0.0499744]. The probability of Component death reduces from 0.0154773 to
0.0080006 if Pct dominant cluster changes from mean to one standard deviation
higher. This means that if more components within a nominal module belong to the
same actual functioning cluster, components of that nominal module appear to have a
higher chance of survival. The nominal module reflects a system architect's
arrangement of working groups. If the working group does not correspond to
technological structures, components are associated with a lower chance of survival.

Table 11 presents a set of models that explores the social compositions' effect.
Generally speaking, commercial involvement is positively associated with
Component Death, while power concentration is negatively associated with
Component Death. In Model (4-1), the average marginal effect of Component
commercial accepted is 0.0065016 with a 95% CI of [0.0020824, 0.0109207]. The
probability of Component death increases from 0.021223 to 0.0232489 if Component
commercial accepted changes from mean to one standard deviation higher. The
average marginal effect of Component HHI accepted is -0.017313 with a 95% CI of

[-0.02358, -0.0110461]. The probability of Component death decreases from
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0.021433 to 0.0170265 if Component HHI accepted increases from mean to one
standard deviation higher.

Similarly, in Model (4-2), the average marginal effect of Module commercial
accepted is 0.0194069 with a 95% CI of [0.0125956, 0.0262181]. The probability of
Component death increases from 0.017135 to 0.0213786 if Module commercial
accepted changes from mean to one standard deviation higher. The average marginal
effect of Module HHI accepted is -0.0113643 with a 95% CI of [ -0.0191526, -
0.003576]. The probability of Component death would decrease from 0 .0176224 to
0.0157694 if Module HHI accepted increases from mean to one standard deviation
higher. These coefficients are of economic significance, given the mean probability of
Component death is 0.001. These results imply that the local social composition may
have implications for component survival. For example, non-commercial entities'
involvement may extend a component's life. Counterintuitively, the more
concentrated the local environment is, the more likely a component will survive. One
potential mechanism is that when the community or the system architect decides to
obsolete a component if the local environment is less concentrated, every participant

has less to lose and is thus more likely to agree on the obsolescence of the component.

3.5 Discussion and Conclusion

This study explores the evolution of the ecosystem by investigating the
survival of individual components. While strategy research has studied how
interdependent activities within the ecosystem impact the value creation of a focal

firm extensively, prior studies often take interdependence as a system-level construct
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that is either constant or changed only by the ecosystem owner. Taking a micro-
structure evolutionary approach, I explore how technology dependence and social
structure at component and module levels are associated with component survival.

Empirically, this study is among the first to utilize micro-structure data to
quantitatively examine the evolution of both the social and technological structure of
an ecosystem. While a lot of literature assumes that a single component/module has
its owner who has full control of the component/module, this study shows that the
local technological structure and the surrounding social environments may impact
components' survival. While most research in this stream focuses on the system-level
structure, this study contributes to understanding how the local environment may
affect evolution. Moreover, this study contributes to the understanding of the open
ecosystem by highlighting different types of interests (commercial v.s. non-
commercial). As the ecosystem evolves over time, the social compositions of
participants may change significantly. Thus, it is important to investigate how
tensions between diverse groups may impact innovation outcomes.

The findings also have important managerial implications for both ecosystem
owners and non-owner participants. As I show, ecosystem owners may want to
extend the life of certain components by collaborating with non-commercial entities.
Moreover, ecosystem owners may not be able to design the actual clustering and
modulation of the technological system. Still, they can utilize formal/semi-formal
communication structures to induce participation and excess controls. Non-owner
ecosystem participants also face the tradeoff between component survival and

easiness of innovation when deciding where to innovate within the ecosystem
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because the components that others depend on require a better understanding of the
overall technical structure to innovate.

This work has several limitations that also call for future study. First, my
focus in this study has primarily been on component death, which can result from
obsolescence or replacement. Future research may seek to directly address how
ecosystem participants may innovate to replace a functionally similar component.
Second, the social compositions examined in the work are limited to concentration
and commercial participation. Future work may seek to understand communication
patterns between ecosystem participants to understand the dynamics of social
interactions. Third, the empirical setting of Linux may not be representative of other
ecosystems as most ecosystems are not as modularized and complex as Linux.
Moreover, an open ecosystem such as Linux may differ from a closed ecosystem in
social composition, such as power concentration and incentive structures. Future
research could explore the evolution of ecosystems in a less complex or closed setting.

Additionally, this work only considers the difference between commercial and
non-commercial forces. Future work should take a deep dive to understand how
actors with different non-commercial incentives such as altruism, nerd-cred or
intellectual stimulation may shape the direction of ecosystem evolution as user-
generated innovations have become increasingly important in today's world. Finally,
this work is purely exploratory in nature. Future work may seek to identify and test
the causal mechanism.

More generally, the results in this study point towards continued research

utilizing a microstructure approach to understand ecosystems. While strategy
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literature has generally understood the ecosystem on the system level, ignoring the
heterogeneity in both technological structure and social structure in different parts of
the system may mask important sets of mechanisms that can help explain why and
how non-owner participants make strategic choices. This study thus advances the
understanding of the ecosystem as a distinct innovation mode through a micro-

structure evolutionary approach.

3.4 Tables

Table 8 Summary statistics

mean s.d. min max count
Component death 0.010 0.10 0 1 180677
Commulative fan-in 28.3 156.9 0 2425 180677
Commulative fan-out 28.3 32.0 0 184 180677
Fan-in 8.65 43.1 0 1067 180677
Fan-out 8.65 10.4 0 110 180677
Pct dominant cluster 0.67 0.18 0.29 1 180677
Component commercial accepted 0.47 0.30 0 1 180677
Component HHI accepted 0.35 0.28 0.029 1 175608
Module commercial accepted 0.48 0.20 0 1 180677
Module HHI accepted 0.16 0.17 0.027 1 180206
Component commercial submitted 0.38 0.33 0 1 180677
Component HHI submitted 0.37 0.30 0.022 1 144160
Module commercial submitted 0.47 0.14 0 1 180677
Module HHI submitted 0.10 0.13 0.020 1 179194
Changes 493.1 2821.5 0 555897 176069
Component count 167.3 207.1 1 701 180677
Same function 1025.8 6688.0 0 262848 176069
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Table 9 Correlation table

Comp Cumul Cumula Fan-in Fan- Pct Component ~ Compon Module Module  Component Compone Module Module
onent ative tive out dominant commercial ent HHI ~ commercial HHI commercial nt HHI commercial HHI
death  fan-in  fan-out cluster accepted accepted accepted accepted  submitted submitted submitted submitted

Component 1.000

death

Cumulative 0.001 1.000

fan-in

Cumulative -0.029  -0.140 1.000

fan-out

Fan-in -0.003  0.666 -0.128 1.000

Fan-out -0.015  -0.128 0.775 -0.123  1.000

Pct dominant  -0.031  -0.134 0.185 -0.130  0.240 1.000

cluster

Component 0.004  -0.011 -0.047 -0.021  -0.007 -0.026 1.000

commercial

accepted

Component 0.018 -0.050 -0.281 -0.072 -0.262 -0.043 0.191 1.000

HHI

accepted

Module 0.014  0.002 -0.078 0.003  -0.019 -0.031 0.674 0.189 1.000

commercial

accepted

Module HHI 0.009  -0.117 -0.012 -0.111 0.030 0.341 0.187 0.480 0.275 1.000

accepted

Component 0.000  0.022 -0.058 0.010 -0.011 -0.020 0.384 0.043 0.223 -0.009 1.000

commercial

submitted

Component 0.019 -0.061 -0.248 -0.086 -0.356 -0.109 0.027 0.506 0.031 0.162 -0.019 1.000

HHI

submitted

Module 0.006 0.062 -0.160 0.050 -0.070 -0.100 0.339 0.050 0.488 -0.044 0.440 -0.035 1.000

commercial

submitted

Module HHI ~ 0.003  -0.089 0.028 -0.092  0.022 0.460 -0.004 0.180 -0.010 0.542 -0.020 0.205 -0.066 1.000

submitted
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Table 10 Regression analysis for technological structure

-1 (3-2) (3-3) (34
Component death
Cumulative fan-in 0.001™ 0.001"
(0.002) (0.011)
Cumulative fan-out -0.017" -0.016™
(0.000) (0.000)
Changes 0.000" 0.000 0.000" 0.000"
(0.041) (0.071) (0.010) (0.020)
Component count -0.002™ -0.002™" -0.004™" -0.003*™
(0.000) (0.000) (0.000) (0.000)
Same function -0.000" -0.000 -0.000" -0.000
(0.017) (0.080) (0.018) (0.088)
Fan-in 0.002 0.001
(0.127) (0.323)
Fan-out -0.030™* -0.026™
(0.000) (0.000)
Pct dominant cluster -4.021™ -4.127™
(0.000) (0.000)
Constant -4.558™" -4.862™" -1.739"* -1.991™
(0.000) (0.000) (0.000) (0.000)
Insig2u 1.063™" 1.277" 0915 1.156™"
(0.000) (0.000) (0.000) (0.000)
Observations 176069 176069 176069 176069

p-values in parentheses
*p<0.05," p<0.01,"™ p<0.001
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Table 11 Regression analysis for social composition

4-1) 4-2) (4-3) 4-4)
Component death
Cumulative fan-in 0.001" 0.001" 0.001™ 0.001"
0.024)  (0.012) (0.007) (0.014)
Cumulative fan-out -0.019™" -0.016™" -0.020™" -0.016™"
(0.000)  (0.000) (0.000) (0.000)
Pct dominant cluster -4.186™"  -3.903"*" -3.979™ -4.032™
(0.000)  (0.000) (0.000) (0.000)
Component commercial 0.377"
accepted
(0.003)
Component HHI accepted ~ -1.004"*"
(0.000)
Changes 0.000" 0.000" 0.000 0.000"
0.035)  (0.017) (0.118) (0.015)
Component count -0.004™"  -0.004"*" -0.004™ -0.004™"
(0.000)  (0.000) (0.000) (0.000)
Same function -0.000™ -0.000" -0.000" -0.000"
0.010)  (0.017) (0.016) (0.018)
Module commercial 1.292"
accepted
(0.000)
Module HHI accepted -0.756™
(0.003)
Component commercial 0.073
submitted
(0.575)
Component HHI -0.564™"
submitted
(0.000)
Module commercial 1.119"™
submitted
(0.000)
Module HHI submitted -0.188
(0.536)
Constant -1.448™"  -2.331™ -1.480™" -2.248™"
(0.000)  (0.000) (0.000) (0.000)
Insig2u 1.269™" 1.009™* 1.184™ 0.961""
(0.000)  (0.000) (0.000) (0.000)
Observations 172608 175773 142764 174881

p-values in parentheses

*p<0.05," p<0.01, p<0.001
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