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Abstract

This thesis examines the interactions within standard-setting consortia within the Au-
dio/Video/Multimedia sector, focusing on large company dominance, geographical prox-
imity, and technological proximity. It aims to uncover how these factors individually
and collectively influence the success of these consortia. The guiding research question is:
“What combinations of large company dominance, geographic proximity, and technological

proximity lead to successful outcomes in standard-setting consortia?”

Using Qualitative Comparative Analysis (QCA), the study reveals that successful consortia
strike a balance in large company influence, maintain significant geographical proximity,
and ensure proper technological alignment. While large company dominance significantly
impacts consortium success, an optimal balance is essential to avoid power struggles and
foster effective collaboration. Geographical proximity, especially at the UN subregion level,
consistently contributes to success by enhancing trust and communication. Technological
proximity within industry groups is beneficial but must be complemented by other factors
to significantly impact outcomes. It’s clear that the success of consortia is best understood

through specific configurations of these variables rather than any single factor alone.

To evaluate consortium success, the study employs a multifactor framework focusing on the
creation of standards, their adoption, and scholarly recognition. This framework combines
qualitative and quantitative measures, providing a comprehensive assessment of consortium

performance.

The research makes a valuable contribution to the field by offering empirical evidence on
the strategic influence of large companies within standard-setting consortia. It extends
the understanding of how large firms drive innovation while balancing the contributions
of smaller participants. The study also offers nuanced insights into the roles of geograph-
ical and technological proximities, emphasizing their combined effects on consortium suc-
cess. These findings are useful for both theoretical knowledge and practical applications,
informing technology management practices and shaping policies that support effective

standard-setting efforts.

From a Management of Technology perspective, this thesis demonstrates how strategic en-
gagement in standard-setting consortia can enhance a firm’s technological capabilities and
market positioning. Technology managers can leverage these insights to navigate standard-
setting processes more effectively, ensuring that their firms benefit from collaboration while

maintaining an optimal balance of influence.

However, this study acknowledges certain practical limitations. The findings, while insight-
ful for the Audio/Video/Multimedia sector, may need adaptation when applied to other
industries with different dynamics. Additionally, the reliance on publicly available data
from consortium websites and LinkedIn profiles may lead to practical challenges, such as
gaps or inconsistencies in the data, affecting decision-making. The study’s cross-sectional
approach provides a snapshot of current conditions but does not capture consortium dy-
namics over time. Practitioners should consider these factors when applying the insights
to other contexts, and future research should aim to include a wider range of industries

and explore these dynamics longitudinally to inform more adaptive strategies.
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Standard Setting Consortia

Explanation

A rasearch method used for comparing gualitative data by
converting it into sets for systematic comparison.

A metric used to measure the dominance of large companies
within a consortium.

Standards developed by the US federal government for computer
systems.

A hierarchical system for dividing up the economic territory of the
EU.

Businesses with a small to medium number of employess and

turnover.

An international organization founded to promote peace,
security, and cooperation among countriss.

Systems designed to capture, store, manipulate, analyze, manage,
and present spatial or geographic data.

An extensional term for information technology that stresses the
rale of unified communications and the integration of
telecommunications.

A professional association dedicated to advancing technology for
the benefit of humanity.

An extension of QCA that allows for the analysis of sets with
varying degrees of membership, not just binary presence or
absence.

A global provider of equity, fixed income, hedge fund stock
market indexes, and equity portfolic analysis tools.

Activities in connection with corporate ar governmental
innovation and introduction of new products and services.

Groups formed by various organizations to develop and
implement standards in a specific industry or field.



1 Introduction

1.1 Background

In an era where technological convergence is the norm, standards have become the cornerstones of
innovation and interoperability in the global technological landscape. Standards are not just technical
product specifications but rather are the rules that ensure that hardware and software from different
sources work together seamlessly, driving the industry forward (Ray & Jones, 2003). In this context,
Standard Setting Consortia (SSCs) have emerged as vital platforms where industry stakeholders work
together to develop these essential standards. The formation of such consortia underscores the essen-
tial role of collaboration in advancing technological advances and setting industry standards. These
consortia bring together different entities to discuss, negotiate, and ultimately create new standards
(Katz & Martin, 1997). The composition of these consortia varies from case to case, involving a mix
of multinational corporations, smaller companies, and academic institutions. Collaboration within
them attests to the industry’s understanding that no single entity holds all the cards for innovation.
Through joint effort and shared vision consortia make it possible that technological frontiers can be
pushed (Hagedoorn, Link, & Vonortas, 2000).

The critical role of consortia in technological development is increasingly recognized as industries
become more interconnected and reliant on common standards to ensure compatibility and interop-
erability. Consortia serve as forums where stakeholders from different sectors, including corporations,
government entities, and academic institutions, collaborate to develop standards that facilitate tech-
nological innovation and economic growth. The emergence of consortia reflects broader trends in
industrial collaboration and innovation, underscoring the importance of collective action in addressing
complex technological challenges.

Studies have shown that the composition and structure of consortia significantly impact their ef-
fectiveness and the quality of the standards they produce. For example, research by Choi, Raghu,
Vinzé, and Dooley (2019) and Teubner, Henkel, and Bekkers (2021) highlights the necessity for varied
participation in e-business standards, emphasizing the distinct roles of IT vendors and users in the
standard-setting process. Similarly, Fukami and Shimizu (2021) provide insights into strategic maneu-
vers within consortia, showcasing how large corporations leverage both formal and informal networks
to influence standard-setting outcomes.

1.2 Problem statement

The dynamics within standard-setting consortia (SSCs) are complex and shaped by the interaction
of different actors, each with their own agenda and level of influence. Large companies, with their
extensive resources and market reach, often become central players in these consortia, steering discus-
sions and decisions in directions that align with their strategic interests(Lemley, 2002; Simcoe, 2012).
While the influence of these major players is significant, the success of a consortium relies on the
inclusiveness and equitable participation of all members to ensure that the standards developed are
comprehensive, innovative, and widely accepted(Baron & Pohlmann, 2013).

However, the dominance of large corporations in SSCs can lead to an imbalance, where the interests of
smaller players and the broader industry may be overlooked. This dominance can result in standards
skewed towards the proprietary interests of the dominant firms, rather than reflecting the wider
needs of the industry, potentially stifling innovation and limiting diverse perspectives. The strategic
positioning of these corporations within SSCs often involves leveraging both formal and informal
networks to exert influence, further entrenching their dominance and complicating efforts to achieve
inclusive and equitable standard-setting processes.

Geographical and technological proximity among consortium members further complicate these dy-
namics. Geographical proximity facilitates face-to-face interactions, trust-building, and easier knowl-



edge exchange, which are essential for innovation. However, it can also lead to a homogeneity of
ideas and an echo chamber effect, limiting the diversity of knowledge and perspectives. Technological
proximity, referring to the extent to which consortium members share similar knowledge bases and
cognitive frameworks, improves communication efficiency and mutual understanding. Yet, excessive
cognitive similarity can stifle new perspectives and ideas, potentially hindering innovation.

In conclusion, while large companies play a crucial role in standard-setting consortia due to their
resources and influence, it is imperative to foster an inclusive and diverse environment. Balancing
the contributions of all members, along with managing the effects of geographical and technological
proximity, is essential for developing standards that are not only innovative but also representative of
the entire industry’s needs.

1.3 Research objective

This thesis aims to investigate the combinations of large company dominance, geographic proximity,
and technological proximity that lead to successful outcomes in standard-setting consortia. By exam-
ining how these factors individually and collectively influence the efficacy and success of standards,
this research seeks to provide a balanced perspective on the positive and negative consequences of
corporate dominance in standardization. The insights gained may inform policies and strategies to
enhance the collaborative and innovative potential of technology and corporate standardization efforts.

1.4 Research question

The primary research question guiding this study is: ”What combinations of large company
dominance, geographic proximity, and technological proximity lead to successful out-
comes in standard-setting consortia?”

This question aims to address the unresolved gap in understanding how the interplay of these factors
impacts the effectiveness and success of standards development. The study explores how the domi-
nance of large companies within consortia can shape the standard-setting process, potentially steering
outcomes to favor their strategic interests. It also investigates the role of geographic proximity, consid-
ering how the physical closeness of consortium members can facilitate collaboration, trust-building, and
knowledge exchange, while also potentially leading to homogeneity of ideas. Additionally, the research
delves into technological proximity, examining how shared knowledge bases and cognitive frameworks
among consortium members can influence the innovation and success of the standards developed.
By analyzing these factors and their interconnections, this study seeks to provide a comprehensive
understanding of the conditions that foster effective and successful standard-setting consortia.



1.5 Structure

This thesis is structured to systematically explore and answer the research question. Each chapter of
this thesis contributes to answering this question by addressing specific aspects of the study.

Chapter 1: Introduction establishes the foundation for the research. It presents the background of
the study, the problem statement, and the research objective, all of which are crucial for understanding
the context and significance of the research question. This chapter also outlines the scope of the study,
defining the boundaries within which the research is conducted.

Chapter 2: Literature Review and Theoretical Framework builds the theoretical framework
necessary to tackle the research question. By reviewing the existing body of knowledge on standard-
setting consortia, this chapter identifies key concepts, theories, and gaps in the current research. This
literature review sets the stage for the analytical approach used in the study and helps refine the
research question.

Chapter 3: Research Methodology describes the research design and the methodological steps
taken to answer the research question. It details the use of the Qualitative Comparative Analysis
(QCA) approach, explaining the rationale for its selection, the process of case selection, data collection,
and the calibration of data. This chapter demonstrates how QCA is employed to systematically
compare cases and identify patterns of conditions that contribute to successful outcomes in standard-
setting consortia.

Chapter 4: Results presents the findings from the QCA. It includes the calibrated data, truth
tables, and an analysis of the necessary and sufficient conditions for successful consortium outcomes.
This chapter directly addresses the research question by providing a detailed examination of how
large company dominance, geographic proximity, and technological proximity influence the success of
standard-setting processes.

Chapter 5: Discussion interprets the results in light of the existing literature and theoretical
framework. It explores the implications of the findings for both theory and practice, discussing how the
identified patterns contribute to a deeper understanding of standard-setting consortia. This chapter
also critically assesses the limitations of the study and suggests directions for future research, which
are essential for refining the conclusions drawn from the research.

Chapter 6: Conclusion synthesizes the insights gained throughout the thesis, offering a final answer
to the research question. It emphasizes the contributions of the study to the field of standardization
and provides concluding remarks on the influence of large company dominance, geographic proximity,
and technological proximity on the success of standard-setting consortia.

The thesis concludes with a comprehensive list of References, documenting all the academic sources
and materials cited throughout the report. The Appendices include supplementary materials such as
the calibrated dataset, truth tables, and additional methodological details, ensuring transparency and
facilitating further exploration of the study’s findings.



2 Literature Review and Theoretical Framework

This chapter explores the landscape of consortia, including their organizational structure, the roles
of participating entities, and the critical factors that influence their success. By examining various
combinations of conditions within consortia, this chapter seeks to understand how these configurations
contribute to successful outcomes, particularly in technology and innovation sectors. The discussion
integrates key concepts from the literature with relevant theoretical frameworks to provide a compre-
hensive understanding of how different elements interact to shape consortium dynamics.

2.1 Landscape and Organization of Consortia

Definition and Structure of Consortia

Consortia are collaborative alliances formed by multiple organizations that come together to achieve
objectives that surpass the capabilities of individual members. These alliances are particularly sig-
nificant in sectors such as technology and innovation, where the development of new standards and
technologies requires substantial resources, specialized expertise, and collective effort. According to
Baron, Méniere, and Pohlmann (2014), consortia facilitate the pooling of resources and knowledge,
enabling faster innovation and the more efficient implementation of industry standards. Unlike more
formalized entities such as Standard Setting Organizations (SSOs), consortia are often characterized by
their flexibility, inclusivity, and speed in decision-making, which are critical in dynamic sectors where
rapid responses to market and technological changes are necessary. This flexibility allows a broader
range of stakeholders, including smaller firms, to participate actively and contribute meaningfully to
the consortium’s objectives.

The organizational structure of consortia typically involves a complex interplay of resources, capa-
bilities, and strategic interests among the participating entities. This structure not only impacts the
effectiveness of collaboration within the consortium but also its ability to adapt to evolving market
conditions and technological advancements. As highlighted by Baron et al. (2014), the dynamic nature
of consortia is pivotal in accelerating the development and implementation of industry standards, re-
ducing research and development coordination failures, and fostering innovation across various sectors.

While consortia share similarities with other forms of collaboration, such as joint ventures and strategic
alliances, they are distinguished by their collective approach to setting industry standards and driving
innovation. Joint ventures typically involve a more formalized and often equity-based partnership
focused on specific business objectives, whereas strategic alliances might not require equity sharing
but still involve coordinated efforts toward common goals. Consortia, however, are unique in their
emphasis on collaborative innovation and standard-setting, often bringing together a diverse group of
stakeholders who may not have direct financial stakes in each other’s businesses but share a vested
interest in the success of the consortium’s objectives (Eisenhardt & Schoonhoven, 1996).

Roles and Disciplines Involved

The success of a consortium is significantly influenced by the diversity of disciplines and expertise
brought together by its members. Participants from various fields such as engineering, software de-
velopment, regulatory compliance, and market analysis collaborate to tackle complex challenges that
require a multidisciplinary approach. Leiponen (2008) emphasizes that this diversity of expertise allows
consortia to address technological and innovative challenges more comprehensively, as the combination
of different areas of knowledge leads to more effective problem-solving and innovative outcomes.

In a consortium, the roles of participating entities are often defined by their core competencies and
strategic interests. For instance, large technology firms may contribute their advanced research capa-
bilities and extensive market reach, while smaller firms or startups might bring niche expertise and
innovative approaches that larger firms lack. Regulatory experts ensure that the innovations comply
with industry standards and legal requirements, while market analysts provide insights into consumer



behavior and market trends, ensuring that the consortium’s innovations are both viable and market-
ready. This multidisciplinary collaboration is essential for addressing the complexities of technology
and innovation holistically, allowing consortia to create solutions that are not only technically sound
but also commercially successful (Schilling & Phelps, 2007).

Furthermore, the interaction of these diverse disciplines within a consortium fosters an environment
where knowledge is not just shared but also synthesized into new ideas and innovations. For example,
engineers and software developers working closely with regulatory experts can anticipate and integrate
compliance requirements into the design and development stages of technology projects, thereby reduc-
ing time-to-market and avoiding costly redesigns. Similarly, by incorporating market analysis early in
the innovation process, consortia can better align their technological developments with market needs,
increasing the likelihood of commercial success (Kogut, 1989).

Governance and Decision-Making in Consortia

Governance within consortia is a critical factor that determines their effectiveness and longevity. The
governance structure typically involves shared decision-making processes, which are designed to ensure
that all participating entities have a voice in the direction and outcomes of the consortium. However,
the governance of consortia can vary significantly depending on the size and diversity of the members
involved, the objectives of the consortium, and the industry in which it operates (Ring & Ven, 1992).

In some cases, consortia adopt a more hierarchical structure where decision-making power is concen-
trated among a few key players, often the largest and most resource-rich firms. While this can lead to
more streamlined decision-making processes, it also risks marginalizing smaller members and reducing
the diversity of ideas that are crucial for innovation. To mitigate these risks, many consortia employ a
more inclusive governance model that balances the power dynamics between large and small members,
ensuring that decisions are made through consensus and that all members feel their contributions are
valued (Freeman, Dmytriyev, & Phillips, 2021).

The flexibility and adaptability of the governance structure are also important. As consortia evolve,
their objectives, membership, and external environment may change, necessitating adjustments in how
they are governed. Effective consortia often have mechanisms in place for revising their governance
structures in response to these changes, allowing them to remain agile and responsive to new challenges
and opportunities(Gulati, 1998).

Challenges and Strategies for Effective Collaboration

Consortia present substantial opportunities for fostering innovation through collective efforts, yet they
also face significant challenges that can impact their effectiveness. These challenges primarily stem
from the complexities of coordinating a diverse array of organizations, each with its own strategic
objectives, resources, and operational cultures. The ability to align these diverse elements is crucial
for the consortium’s success, particularly in dynamic sectors where rapid innovation and adaptability
are necessary.

One significant challenge is the dominance of large companies within consortia. While large corpora-
tions can provide substantial resources, advanced technologies, and market influence, their dominance
can lead to power imbalances. This can skew decision-making processes in favor of their strategic
interests, potentially marginalizing smaller members and stifling the diversity of ideas that is crit-
ical for innovation. The alignment of strategic interests among consortium members becomes even
more complex under these circumstances. Conflicts may arise, particularly regarding the direction of
the consortium’s initiatives and the allocation of resources, as larger firms might push for outcomes
that serve their own goals rather than the collective objectives of the consortium. Establishing clear,
shared objectives and maintaining open channels of communication are essential strategies for mit-
igating these conflicts and ensuring that all members, regardless of size, have a meaningful role in
shaping the consortium’s direction (Baron et al., 2014).

In addition to power dynamics, managing diversity within consortia is another critical challenge.
The variety of expertise, organizational cultures, and operational practices among members can drive



innovation but also create friction, particularly when differences in decision-making processes and risk
tolerance emerge. Effective consortia must implement strategies that promote mutual understanding
and cooperation, such as standardized communication protocols and a collaborative culture (Leiponen,
2008).

A critical aspect of managing this diversity is the concept of proximity, which plays a pivotal role in
shaping the interactions within a consortium. Proximity encompasses multiple dimensions, including
geographic, technological, and organizational proximity, each of which can significantly influence the
effectiveness of collaboration. Geographic proximity refers to the physical closeness of consortium
members, which can facilitate more frequent and informal interactions, foster trust, and enhance the
efficiency of knowledge exchange. However, geographic proximity also carries the risk of creating echo
chambers, where a lack of diversity in ideas and perspectives can stifle innovation (Letaifa & Rabeau,
2013; Porter, 1998).

Technological proximity, or cognitive proximity, pertains to the similarity in knowledge bases and ex-
pertise among consortium members. While such proximity can streamline communication and foster
mutual understanding, there is a potential downside: excessive similarity may limit the diversity of
ideas, which is crucial for driving innovation (Hansen & Mattes, 2018). On the other hand, orga-
nizational proximity, defined by shared corporate cultures and aligned goals, further influences how
effectively these diverse entities can collaborate. Proximity, therefore, plays a crucial role in either
amplifying or mitigating the challenges posed by diversity within consortia, making it a key factor in
the overall success of collaborative efforts.

The governance structure of a consortium is equally critical in addressing these challenges. A well-
designed governance framework ensures inclusive decision-making, giving all members, regardless of
size or influence, a voice in shaping the consortium’s direction. Such inclusivity is vital for maintaining
the engagement of all members, particularly smaller entities that might otherwise feel overshadowed
by larger, more influential organizations. Flexibility in governance is also essential, allowing the
consortium to adapt to changing circumstances and evolving member needs (Freeman et al., 2021).
This adaptability is particularly important given the dynamic nature of the sectors in which consortia
operate. Consortia must be able to pivot quickly in response to technological developments, regulatory
changes, or market shifts. A flexible governance structure, coupled with a culture of continuous
learning and adaptation, is vital for maintaining resilience and fostering innovation in these uncertain
environments (Gulati, 1998).

While consortia are powerful vehicles for innovation and standard-setting, their success depends on
effectively managing a complex interplay of factors. By strategically aligning key elements such as
member proximity, governance structures, and power play, consortia can better navigate the challenges
they face. This strategic alignment is crucial not only for enhancing collaborative outcomes but also
for ensuring that the consortium’s collective goals are achieved. The following sections will delve
deeper into these factors, exploring how specific configurations of these elements influence the overall
success of consortia, particularly in terms of innovation and standard-setting.

2.2 State of the Art in Consortia Research

Having established the fundamental structure, roles, and governance of consortia, it is now essential
to explore how these elements manifest in contemporary research, particularly in understanding the
strategies and impacts of various stakeholders within these collaborative networks. A critical aspect
that influences these dynamics is the concept of proximity, which encompasses geographic, technologi-
cal, and organizational dimensions. Understanding how proximity affects collaboration and innovation
within consortia is crucial for comprehending the broader strategic interactions among members, in-
cluding large corporations.

Choi et al. (2019) and Teubner et al. (2021) provide foundational insights into the complex dynamics of
standards consortia, underscoring the roles of diverse stakeholders, including large corporations.Choi
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et al. (2019) emphasize the necessity for varied participation in e-business standards, particularly
highlighting the distinct roles of IT vendors and users. Teubner et al. (2021) expand on this by
exploring the diverse motives behind firms’ involvement in consortia and their interaction with formal
standard setting organizations. Together, these studies reveal a nuanced ecosystem of standard-setting.
However, they also surface a critical gap in comprehensively understanding how large corporations
leverage their roles to exert influence within these bodies and shape the standard-setting process,
potentially influenced by varying degrees of proximity among stakeholders.

Building on this foundation, Fukami and Shimizu (2021) delve into a case study of Google, showcasing
strategic maneuvers in I'T standardization through alliances and community engagement. This specific
example, when considered alongside the broader scenarios presented by Choi et al. (2019) and Teubner
et al. (2021), suggests a complex strategy where large corporations utilize both formal and informal
networks to sway standard-setting outcomes. The role of proximity in these interactions, particularly
how close or distant relationships among consortium members might influence the strategic behavior of
large corporations, remains an underexplored area that warrants further investigation. This insight is
vital but also highlights the need for broader research that encompasses a variety of large corporations
across consortia, offering a more comprehensive view of their strategic positioning and impact in
standard-setting networks, with a particular focus on how proximity affects these dynamics.

The research by Lee and Sohn (2018) and Blind, Kenney, Leiponen, and Simcoe (2023) further en-
riches this narrative. Lee and Sohn (2018) challenge the idea that standardization impedes innovation,
proposing instead that it can promote technological diversity. This perspective is complemented by
Blind et al. (2023), who focus on the significance of standards in the digital era, particularly the
interplay between open-source software (OSS) and formal standardization. These studies collectively
suggest a dynamic and collaborative standard-setting environment where large corporations are not
only participants but also key influencers in shaping innovation. However, they leave the specific
strategies and impacts of large corporations within this environment unexplored, particularly in rela-
tion to how different forms of proximity might influence these processes, a gap that aligns with the
earlier described research potentials.

Moon and Lee (2021) contribute to this discussion by offering a structured understanding of the
primary actors in technology standardization. Their categorization based on roles and timing of
engagement provides a framework to analyze how large corporations strategically navigate standard-
setting networks. However, their work stops short of a detailed exploration of the strategic influence
these actors exert, especially in terms of shaping standards and driving innovation. Additionally, the
role of proximity in determining the influence of these actors remains a critical but underexamined area,
highlighting the need for research that investigates how proximity—whether geographic, technological,
or organizational—affects the strategic actions of large corporations within consortia.

2.3 Knowledge gap

The involvement of large corporations within consortia and their impact on standard-setting presents
a critical knowledge gap in current literature, particularly in technology and business contexts. While
the studies we have discussed provide valuable insights into the processes of standard-setting and the
roles of various stakeholders, they collectively highlight a significant gap in understanding how large
corporations position themselves and exert influence within these networks.

This gap becomes more apparent when we consider how factors like geographic and technological
proximity shape the influence that large corporations can wield. Proximity not only affects the nature
of collaboration but also influences how power is distributed within the standard-setting process.
For example, geographic proximity can lead to more frequent interactions, fostering the trust needed
for large corporations to assert their influence within consortia. Similarly, technological proximity
can facilitate smoother communication, creating environments where the established technological
frameworks of larger firms might overshadow the innovative contributions of smaller entities.
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Our focus is on understanding how large corporations navigate the balance between promoting innova-
tion and aligning standards with their corporate objectives. These corporations, with their substantial
resources, industry influence, and technical expertise, are positioned to make significant contributions
to the development of robust and comprehensive standards. Their involvement can accelerate inno-
vation, ensure broader industry acceptance of standards, and result in standards that reflect current
technological and market realities. However, this influence can also be a double-edged sword. When
large corporations dominate standard-setting consortia, there is a risk that the standardization process
may be skewed in favor of their proprietary interests, rather than addressing the broader needs of the
industry.

This potential for dominance could hinder innovation from smaller companies and new entrants,
limit the diversity of perspectives in standard development, and lead to the creation of standards
that favor established technologies over emerging, potentially disruptive innovations. Additionally,
when standards are predominantly shaped by large corporations, they may become less flexible and
adaptable to changing market conditions, which could impact their long-term success and relevance.

Addressing this gap is essential for developing a comprehensive understanding of the landscape of
technology and business standards. By examining how factors such as proximity and corporate influ-
ence interact within consortia, we can gain deeper insights into how these elements together shape the
standard-setting process. Our approach will provide valuable perspectives on the collective influence
of these factors on technological innovation, industry evolution, and policy formulation, ultimately
offering a more nuanced understanding of the role large corporations play in shaping the future of
standards.

2.4 Theoretical Framework

Building on the identified gap regarding the strategic influence of large corporations within standards
networks, this chapter introduces a theoretical framework aimed at unraveling the complexities of
corporate dominance in standards consortia. It acknowledges the significant role that large corpo-
rations play in shaping the outcomes of these consortia and seeks to explore how these entities use
their positions not only to foster innovation but also to drive standards in ways that align with their
corporate goals.

Independent and Dependent Variables

The dependent variable in this study is the success of consortia. Success is defined as the ability
of a consortium to achieve its intended outcomes, including the development and implementation of
effective industry standards, the facilitation of innovation, and the creation of a sustainable, collabo-
rative environment that benefits all members. This success can be measured by the extent to which
consortia achieve these goals and the broader impact of their standards within the industry, which
will be elaborated on later. The independent variables considered in this study include:

Large Company Dominance: This variable represents the degree of influence that large corpora-
tions exert within a consortium. It includes aspects such as decision-making authority, control over
resources, and the capacity to shape the consortium’s agenda. The involvement of large corporations
can offer significant advantages, such as greater financial stability, access to high-value technologies,
and stronger market influence (Schilling & Phelps, 2007). However, an over-representation of large
companies may lead to power struggles, as each entity might attempt to steer the consortium’s activi-
ties toward its own strategic interests, potentially at the expense of the collective goal. Such dominance
may result in power imbalances, overshadowing the contributions and needs of smaller companies and
stakeholders, which could distort the collaborative balance (Bouncken, Gast, Kraus, & Bogers, 2015).

Geographic Proximity: Defined as the physical closeness between consortium members, this vari-
able influences how easily and frequently members can interact, share knowledge, and collaborate. Ge-
ographic proximity facilitates interaction and collaboration by promoting face-to-face communication,
trust-building, and easier knowledge exchange (Gertler, 2003; Storper & Venables, 2004). However,
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there are potential drawbacks, such as the risk of an echo chamber effect, where proximity leads to
homogeneity of ideas and perspectives, potentially stifling innovation (Letaifa & Rabeau, 2013). Addi-
tionally, spatial lock-in can occur, where firms become overly dependent on their immediate networks,
limiting their ability to explore broader, potentially more beneficial networks outside their local envi-
ronment (Molina-Morales, Garcia-Villaverde, & Requena, 2011). The impact of geographic proximity
on consortium success depends thus on its interaction with other factors, with certain configurations
enhancing collaboration and others potentially restricting the diversity needed for innovation.”

Technological Proximity (Cognitive Proximity): This variable refers to the similarity in knowl-
edge bases, technological expertise, and cognitive frameworks among consortium members. It influ-
ences the effectiveness of communication and the ability to collaborate on technical aspects of innova-
tion. High levels of technological proximity can streamline communication, reduce misunderstandings,
and foster an environment conducive to innovation (Hansen & Mattes, 2018). However, if all members
have very similar technological backgrounds, it may limit the diversity of ideas, which is critical for
driving innovation. Conversely, too much technological diversity can hinder effective communication
and mutual understanding, potentially challenging collaboration (Marek, Titze, Fuhrmeister, & Blum,
2016). Specific configurations of technological proximity, whether involving higher or lower levels, can
thus either facilitate or hinder innovation depending on the broader context within the consortium.

Influence of Independent Variables on the Dependent Variable

The success of a consortium is influenced by a complex interplay of multiple independent variables,
each contributing to the overall effectiveness of collaboration, decision-making, and innovation. These
variables do not act in isolation but are part of a broader, interconnected framework where their
interactions produce specific configurations that determine the outcomes of consortia. Understanding
these configurations is essential for identifying the conditions under which consortia are most likely to
succeed.

Large Company Dominance Large Company Dominance is a critical factor in determining the success
of a consortium. Large corporations often bring significant resources, industry influence, and technical
expertise, all of which can enhance the consortium’s ability to meet its goals. Their involvement is
typically seen as a stabilizing force, providing financial backing, access to advanced technologies, and a
strong market presence (Schilling & Phelps, 2007). These contributions can lead to a consortium that
is better equipped to tackle complex challenges, develop industry standards, and drive innovation.

However, the influence of large companies is not always straightforward. The impact of large company
dominance on consortium success is contingent upon how this dominance interacts with other factors.
For instance, while large companies can provide crucial resources, their dominance may also lead
to power imbalances within the consortium. When a few large companies exert disproportionate
influence, they may steer the consortium’s activities toward their own strategic interests, potentially
at the expense of smaller members. This can lead to conflicts of interest, reduce the diversity of ideas,
and stifle the collaborative spirit that is essential for innovation (Bouncken et al., 2015).

Moreover, if large company dominance is not balanced with other factors, such as geographic and
technological proximity, it can result in a consortium that is less adaptive and less inclusive of the
contributions from smaller firms. On the other hand, a consortium with too few large companies might
struggle with limited resources, lack of market influence, and challenges in scaling its initiatives. Thus,
the success of a consortium does not solely depend on the presence of large companies but on how their
dominance interacts with and is moderated by other factors within the consortium’s configuration.
Therefore, we hypothesize:

Hypothesis 1: The dominance of large companies within a consortium is a key factor
influencing its success, with particular degrees of large company presence associated
withhigher success rates.

Geographic Proximity

Geographic Proximity plays a fundamental role in the success of consortia by influencing the frequency
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and quality of interactions among members. Geographic proximity refers to the physical closeness
between consortium members, such as firms, institutions, or individuals, that facilitates more frequent
face-to-face interactions, fosters trust, and enhances the efficiency of knowledge exchange (Gertler,
2003; Storper & Venables, 2004). When consortium members are geographically close, they can more
easily engage in informal discussions, build stronger relational ties, and respond quickly to emerging
challenges or opportunities.

However, the benefits of geographic proximity are not without their complexities. While physical
closeness can enhance collaboration, it can also create the risk of an echo chamber effect, where the
homogeneity of ideas and perspectives stifles innovation. When consortium members are too similar
in their geographical and cultural backgrounds, they may be less likely to challenge each other’s
assumptions or introduce novel ideas, leading to a less dynamic and innovative environment (Letaifa
& Rabeau, 2013). Additionally, the issue of spatial lock-in arises when firms become overly dependent
on their immediate local networks and resources. This reliance can limit their ability to explore and
integrate broader, potentially more beneficial networks and resources outside their local environment,
thereby constraining the consortium’s overall innovation potential (Molina-Morales et al., 2011).

The impact of geographic proximity on consortium success is therefore influenced by how it interacts
with other variables, such as large company dominance and technological proximity. For example,
geographic proximity may enhance the effectiveness of large company dominance by facilitating better
communication and coordination. Conversely, if geographic proximity is not balanced with sufficient
diversity in other areas, it may lead to a less innovative and less resilient consortium. Therefore, we
propose:

Hypothesis 2: Geographical proximity among consortium members is a key factor influ-
encing the success of the consortium, where particular degrees of proximity are associated
with higher success rates.

Technological Proximity

Technological Proximity (also referred to as cognitive proximity) is another crucial factor that affects
the success of consortia by determining how well members can collaborate on technical matters. Tech-
nological proximity refers to the extent to which consortium members share similar knowledge bases,
technological expertise, and cognitive frameworks, which facilitates mutual understanding and learning
(Hansen & Mattes, 2018). High levels of technological proximity can streamline communication, re-
duce misunderstandings, and create an environment that is conducive to collaborative problem-solving
and innovation.

However, the relationship between technological proximity and innovation is complex. While shared
cognitive frameworks can enhance collaboration, excessive technological similarity can lead to a lack
of new perspectives and ideas, which are critical for driving innovation. Without sufficient diversity in
technological backgrounds, a consortium may become too focused on incremental improvements rather
than breakthrough innovations. On the other hand, too much diversity in technological backgrounds
can hinder effective communication and collaboration, as members may struggle to understand and
integrate each other’s contributions (Marek et al., 2016).

Therefore, the success of a consortium depends on achieving the right balance of technological prox-
imity and diversity. This balance is further influenced by how technological proximity interacts with
other factors, such as large company dominance and geographic proximity. For instance, a consortium
with high technological proximity might succeed if it is complemented by a diversity of perspectives
in other areas or if large companies provide the necessary resources to bridge gaps in understanding.
Thus, we hypothesize:

Hypothesis 3: The success of a consortium is influenced by the level of technological
proximity among its members, where particular degrees of technological diversity are
associated with higher success rates.

Interaction of Independent Variables
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The success of a consortium is not determined by any single factor but rather by the complex interplay
of multiple independent variables, specifically large company dominance, geographic proximity, and
technological proximity. These variables interact in specific configurations that either facilitate or
hinder collaboration, innovation, and overall effectiveness within the consortium.

For instance, a consortium may thrive when large company dominance is balanced with the right levels
of geographic and technological proximity, fostering both stability and innovation. Alternatively, a
consortium with less dominant large companies might succeed through a configuration of high tech-
nological diversity and geographic proximity, encouraging more dynamic and inclusive collaboration.

Understanding these interactions requires an integrative approach that goes beyond examining the
individual impact of each variable. Instead, we focus on how various combinations of these factors
influence consortium outcomes. By considering the specific configurations in which these variables
interact, we aim to identify the conditions that lead to successful consortium outcomes. Building on the
established hypotheses, and following the framework of Raab, Mannak, and Cambré (2013), hypothesis
4 aims to investigate the combined influence of large company dominance, geographic proximity, and
technological proximity on the success of consortia. By considering various combinations of these
variables, this hypothesis seeks to identify specific configurations that lead to successful consortium
outcomes. The hypothesis is formulated as follows:

Hypothesis 4: The success of a consortium is determined by specific configurations of
large company dominance, geographic proximity, and technological proximity. High suc-
cess rates are associated with particular combinations of these variables, rather than the
presence of any single factor alone.

In sum, this theoretical framework integrates key dimensions of consortium composition and proxim-
ity to provide a comprehensive understanding of how these factors interact to influence consortium
success. By focusing on the configurations of large company dominance, geographic proximity, and
technological proximity, we aim to identify the specific conditions under which consortia are most
likely to succeed. This approach allows us to examine the collective influence of these variables on the
success of standard-setting activities, offering a nuanced perspective on the factors that contribute to
or hinder the effectiveness of consortia.
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3 Research methodology

3.1 Research design

The study of consortia presents unique challenges due to the complex interplay of various factors such
as large company dominance, geographical proximity, and technological proximity (Simcoe, 2012).
These factors, while crucial for the success of consortia, create intricate dynamics that are difficult
to analyze using traditional research methods. Given the relatively small number of cases typically
involved in consortia research, there is a need for a methodological approach that can handle this
complexity while preserving the depth of qualitative insights. To address these challenges, this study
adopts the Qualitative Comparative Analysis (QCA) approach, which is particularly well-suited for
exploring the multifaceted and interdependent nature of the variables at play in consortia (Fiss, 2011).
QCA is a method that bridges qualitative and quantitative research, allowing for the systematic
comparison of multiple cases while preserving the richness of qualitative data. Originally developed
by Charles C. Ragin in the late 1980s, QCA is particularly well-suited for research involving complex
causality and where the number of cases is moderate, typically between 10 and 50 (Ragin, 1987).

QCA employs Boolean algebra to identify patterns of conditions that lead to a particular outcome,
enabling researchers to pinpoint necessary and sufficient conditions. This method is advantageous for
exploring phenomena where traditional statistical methods may not be applicable due to small sample
sizes or the need for in-depth case analysis (Rihoux & Ragin, 2009). The configurational approach of
QCA allows for the consideration of multiple conjunctural causation, meaning that it recognizes that
different combinations of conditions can produce the same outcome.

In QCA, crisp and fuzzy sets are two methodological approaches used to classify and analyze data,
which both have been employed in this study to address the varying nature of the variables involved.
Crisp sets, also known as binary or dichotomous sets, involve variables that can take on one of two
values: either 0 or 1. In this framework, a case either fully belongs to a set (membership value of 1)
or does not belong to the set at all (membership value of 0). This binary classification makes crisp
sets straightforward but potentially limited in capturing the complexity of social phenomena (Rihoux
& Marx, 2013). Fuzzy sets allow for degrees of membership, meaning that cases can belong to a set
to varying extents, ranging from 0 to 1. This enables a more nuanced analysis that can reflect partial
membership in a set. Despite this flexibility, it is still important to classify data into categories as
distinctly as possible, ideally avoiding values close to 0,5 to reduce ambiguity and increase the precision
of the analysis. Furthermore, as few categories as possible should be used, since using fewer categories
in fuzzy sets simplifies the model, enhances interpretability, improves robustness, eases calibration,
and reduces ambiguity, making the analysis more effective and reliable. (Rohlfing, 2020).

The suitability of QCA for this study stems from several factors. Firstly, the complexity and mul-
tifaceted nature of corporate influence within consortia aligns well with QCA’s strength in handling
complex causation. Specifically, this study examines three independent variables: large company
dominance, geographical proximity, and technological proximity. QCA’s ability to handle multiple
interdependent variables and explore their combined effects on consortia success makes it an ideal
choice. Secondly, the sample size of 40 consortia is ideal for QCA, as it falls within the range where
QCA can effectively analyze and compare cases without oversimplifying the data. Lastly, QCA’s abil-
ity to integrate qualitative insights with systematic comparative analysis provides a robust framework
for understanding the nuanced dynamics within consortia.

Numerous studies have successfully employed QCA in various fields, demonstrating its versatility and
effectiveness. For instance, Fiss (2011) utilized QCA to explore the configurations of organizational
design elements and their impact on firm performance. Similarly,Crilly, Zollo, and Hansen (2012)
applied QCA to examine how corporate social responsibility influences firm performance across differ-
ent contexts. Additionally, a study by Greckhamer, Misangyi, Elms, and Lacey (2007) used QCA to
analyze the impact of cultural and institutional factors on entrepreneurial activities, highlighting the
method’s ability to uncover complex interaction effects.
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In the context of this research, QCA enables the identification of specific configurations of consortium
characteristics and corporate influence that contribute to successful standardization outcomes. By sys-
tematically comparing cases, QCA can reveal the diverse pathways through which large corporations,
geographical proximity, and technological proximity impact consortia.

To implement the QCA approach, Fuzzy-Set Qualitative Comparative Analysis (fsQCA) was em-
ployed, utilizing the fs/QCA software developed by Charles Ragin (Ragin, 2024). This software is
specifically designed for QCA and incorporates fuzzy set theory, allowing for a more detailed analysis
of complex causal relationships. The fs/QCA software was used to perform key steps in the analysis,
including the calibration of raw data into fuzzy or crisp sets, the construction of truth tables, and
the identification of causal configurations leading to successful consortium outcomes. The software’s
ability to handle both crisp and fuzzy sets made it particularly suitable for this study, providing the
flexibility needed to analyze the nuanced variations in the data and capture the complex interactions
between the variables.

3.2 Case Selection and Sampling Strategy

Case Selection and Data Collection This study focuses on consortia within the Audio, Video, and Mul-
timedia sector, using a dataset sourced from consortiuminfo.org, which initially included 138 identified
consortia. Consortiuminfo.org is a well-established online resource dedicated to providing detailed in-
formation about industry consortia across various sectors. It aggregates data that is often difficult
to obtain elsewhere, including insights into the structure, membership, and activities of consortia.
This makes it a particularly valuable tool for researchers and industry professionals interested in the
dynamics of standard-setting processes.

The selection of the Audio, Video, and Multimedia sector was motivated by its prominent role in
driving technological innovation and its substantial influence on the development of industry stan-
dards. This sector plays a crucial part in advancing consumer electronics, where standards ensure the
compatibility and interoperability of products like televisions, media players, and streaming devices.
These products are widely recognized and used, making the standards created in this sector relatively
easy to understand and assess in terms of their success. The visibility and importance of these stan-
dards in everyday consumer technology provided a strong rationale for focusing on this sector, as it
offers clear examples of how standard-setting consortia can impact both industry and consumers.

Given the broad scope of the initial dataset, a strategic sampling method was employed to select a
manageable subset of 40 consortia for detailed analysis. The selection criteria were designed to ensure
that the sample was both relevant and representative of the sector’s diversity. Specifically, consortia
were chosen based on their relevance to the Audio, Video, and Multimedia sector, the availability of
comprehensive data, and their representation in terms of geographical distribution and technological
focus. This approach aimed to capture the full spectrum of dynamics within the sector, including
variations in how consortia operate across different regions and technologies.

The diversity among the consortia is crucial for exploring the different pathways through which these
variables impact consortia success. By including a mix of large, influential consortia and smaller,
specialized ones, the analysis captures a wide range of dynamics within the sector. This representative
sample ensures that the findings are broadly applicable and provide insights into the factors that
contribute to the success of consortia in setting industry standards.

Priority was given to consortia that provided extensive and accessible data on their goals, member-
ship, and activities. This information was primarily extracted from the consortia’s websites listed on
consortiuminfo.org and was supplemented by additional data sourced from the websites of member
companies. By including a mix of large, influential consortia and smaller ones, the study aimed to
reflect the full range of interactions and dynamics within the sector. This diverse subset of 40 con-
sortia was selected to enable a comprehensive analysis of the influence of large company dominance,
geographical proximity, and technological proximity on the success of standard-setting consortia.

17



Data Collection Methods

The data collection process was carefully organized to ensure the accurate and detailed capture of
information about each consortium and its member companies, which formed the basis for the analysis
in this study. This process was managed using an Excel workbook, which served as a centralized
repository for all the collected data and was essential for the subsequent data analysis.

Initially, each selected consortium was recorded in an Excel sheet titled ”consortia info.” This sheet
included detailed information for each consortium, such as the consortium’s name, its primary goals,
and other relevant structural details. A crucial part of this process involved compiling an overview
of the member companies associated with each consortium. This information was gathered by vis-
iting the respective consortium websites, where the names of all member companies were manually
recorded. Additionally, their roles within the consortium, such as board member, steering member,
associate member, or supporting member, were documented in separate columns. This step provided a
comprehensive view of the consortium’s structure and the roles that different companies played within
it.

Following the documentation of consortium membership, the next phase of data collection focused on
gathering detailed information about each of the 1620 companies that were part of the consortia. This
data was meticulously recorded in another Excel sheet titled ”company info.” Given the large number
of companies involved, manually checking each company’s website for information was impractical. To
streamline the process and ensure data accuracy, LinkedIn was used as the primary source for collecting
company-specific information. LinkedIn is widely regarded as a reliable platform for gathering current
and accurate data, as companies frequently update their profiles to reflect their latest developments
and professional standing. The credibility of LinkedIn data for academic research is well-supported,
as demonstrated by studies such as those by Jain and Dubey (2020), who used LinkedIn data to build
a graph database, and Tsironis, Karagkouni, Dimitriou, and Tsagarakis (2023), who utilized LinkedIn
to map sustainable practices within the transportation sector.

For each company, data on the location of headquarters, number of employees, LinkedIn sub-industries,
and founding year were collected and systematically recorded. This information was linked to other
relevant details in the Excel sheet, including a unique identifier for each company, its association
with a consortium, the company’s role within the consortium, and a link to its LinkedIn profile for
reference. This comprehensive dataset, consisting of nine columns and 1621 rows including a header
row, provided a detailed and organized overview of the companies and their roles within the consortia.

To ensure the reliability of the data collected from LinkedIn, each company’s LinkedIn page was cross-
referenced with information from the consortium websites. This involved verifying that the company
name and logo matched those listed on the consortium’s website and ensuring that the LinkedIn
profile was a professional page with an appropriate number of followers relative to the company’s size.
In cases where LinkedIn profiles were not available, especially for companies in Asia such as those
in China, Japan, and South Korea, alternative sources such as the company’s official website were
consulted to obtain the necessary information. Japanese companies, for example, often have detailed
company profile pages on their websites, which provided the required data.

This thorough approach resulted in only 12 missing values across the dataset. These missing values
were adjusted to zero in the dataset to ensure consistency. Given the minimal impact of these missing
values on the overall analysis, the adjustment was deemed justifiable. The thoroughness of the data
collection process ensures that the dataset is both accurate and comprehensive, providing a solid
foundation for analyzing the factors influencing the success of standard-setting consortia.

3.2.1 Consortium success
After all the company information was gathered and completed, the analysis was refocused on the

consortium level. An important factor that needed to be determined was consortium success. Mea-
suring and defining the success of consortia is a complex and multifaceted task, largely due to the
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diverse goals, stakeholders, and operational contexts they operate within. This diversity results in
varied criteria for success, making it challenging to develop a universal metric. According to Das
and Teng (2000), the performance of collaborative ventures such as consortia is inherently difficult
to evaluate due to their multifaceted nature. Also, the paper highlight that consortium performance
evaluation requires a nuanced approach that considers specific objectives and contexts. Therefore, a
comprehensive approach is necessary to capture this complexity effectively.

To address this complex task, this study employs a self-created multifactor framework to evaluate
consortium success, focusing on three key factors: creation of standards, adoption of standards, and
scholarly recognition. This point-based framework is designed to provide a balanced assessment of
consortium performance, ensuring that both tangible outputs and broader impacts are considered.
The proposed framework offers several advantages in evaluating consortium success. Comprehensive
coverage is achieved by including multiple factors—creation of standards, adoption of standards, and
scholarly recognition. This captures a broad spectrum of consortium activities and impact, ensuring
that both immediate outputs and longer-term influences are considered. The framework balances
qualitative and quantitative measures, combining direct evidence of standard creation and adoption
with scholarly recognition. This approach mitigates the limitations of using a single metric and
provides a more nuanced understanding of consortium success. Additionally, the scoring system within
each criterion allows for varying levels of success to be recognized. This flexibility ensures that consortia
with different focuses and operational scales can be fairly assessed. By relying on verifiable and
documented evidence for scoring, the framework enhances the reliability of the evaluation. The use
of official documentation and academic citations as sources ensures that the assessment is based on
credible and objective data.

The following sections will detail the specific criteria used to measure the creation of standards, the
adoption of those standards, and their scholarly recognition. Each variable is crucial for capturing
different aspects of consortium performance and provides a structured framework for assessment.
The detailed point-based scoring system for each criterion will be explained in subsequent sections,
illustrating how the framework quantifies consortium success.

Success Criterion 1 : Created standard(s)

The creation of standards is a fundamental measure of a consortium’s output and effectiveness. It
demonstrates the consortium’s ability to collaborate and develop formalized guidelines or protocols
that can influence industry practices. The success indicator ”created standards” determined based on
the following inclusion and exclusion criteria:

e Inclusion Criteria: Documentation or announcements on the consortium’s official website,
annual reports, or other official publications confirming the creation of one or more standards.

e Exclusion Criteria: Lack of documented evidence of standard creation,

Based on these criteria the success indicator got classified as follow:

e 0 (No): No standard has been published.

e (Yes): A standard has been formally developed and approved by the consortium.

Success Criterion 2 : Standard adoption

The adoption of standards reflects the practical impact and acceptance of the consortium’s work in
the market. It shows whether the developed standards are being implemented and utilized by the
industry, indicating their relevance and utility.

To establish a reliable and justifiable determination of adoption, a comprehensive approach was taken
that included reviewing information about the consortium, the standards developed, the associated
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products, and their impact on the market. This involved analyzing multiple news sources and websites,
which provided insights into usage data, market reports, and other qualitative indicators to assess the
degree to which the standards have been adopted. By considering a range of evidence, including market
penetration, industry uptake, and real-world applications, a nuanced understanding was developed.
This method allowed for the creation of a well-informed perspective on how significant the standards
are and what impact they have on the market.

For transparency and verification, evidence supporting the classification of adoption rates for each
consortium was documented in the Excel file (..source...) under the "adoption” row. This documen-
tation includes specific references and reasons for assigning particular adoption scores, enhancing the
reliability and justification of the evaluation.

The success indicator ”adoption of standards” is determined based on the following inclusion and
exclusion criteria:

e Inclusion Criteria: Evidence of market implementation and impact, such as usage data, market
reports, or adoption in specific industry sectors.

e Exclusion Criteria: Lack of evidence or minimal impact on the market.
Based on these criteria, the success indicator is classified as follows:

e 0 points (No or minimal impact): The standard has not been implemented in the market or has
minimal impact.

e 2 points (Moderate impact): The standard is implemented in a niche market or limited geo-
graphical areas (e.g., less than 10

e 3 points (Significant impact): The standard is globally accepted and widely used (e.g., more
than 50

Success Criterion 3 : Scholarly Recognition

Scholarly recognition indicates the academic and research community’s acknowledgment of the con-
sortium’s work. High citation counts and references in academic literature suggest that the standards
are considered valuable and influential in advancing knowledge and practice.

The success indicator ”scholarly recognition” is determined based on the following inclusion and ex-
clusion criteria:

e Inclusion Criteria: Citations of the consortium’s work in academic databases. Specific search
terms include: (“Consortium name” AND ”consortium” AND “success”) OR (“Consortium
name” AND ”consortium” AND “impact”) OR (“Consortium name” AND ”consortium” AND
“recognition”).

e Exclusion Criteria: Fewer than 10 citations or minimal academic engagement.
Based on these criteria, the success indicator is classified as follows:

e 0 points (No or minimal): Fewer than 10 scientific articles or studies about the standard.

e 2 points (Moderate): There are a moderate number of scientific publications about the standard
(10-99 articles in reputable journals or conferences).

e 3 points (Extensive): There is extensive scientific literature available (100 or more hits on Google
Scholar or several review articles discussing the standard).
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Scoring system

Based on the scoring system, consortium success is categorized into two levels of success: moderate-
and/or high success.

Moderate success is defined by achieving a total score of the three criteria of 4 or higher. This includes
standards with moderate success and moderate recognition that have created a standard, as well as
standards with extensive literature recognition but moderate market adoption. This categorization
is justified as it indicates that the standard is innovative and well-regarded, though the market or
related technologies may not yet be ready for widespread adoption.

High success is defined by achieving a total score of 7, indicating that highly impactful standards
have been created, with significant market adoption and extensive scholarly recognition. This level of
success suggests that the standards are not only innovative but also have substantial market impact
and academic acknowledgment, demonstrating leadership and influence in the industry.

3.3 Calibration of Data

Now that all data for all variables have been collected, they need to be calibrated to make them usable
for QCA analysis. In this paragraph, we will discuss how this has been done for each variable.

The data used in the QCA were calibrated into binary and fuzzy sets to facilitate the analysis. This
calibration process involved converting the raw data into a format suitable for QCA, allowing for
the systematic comparison of cases. The binary dataset includes all the variables coded as either 0
(absence) or 1 (presence). The fuzzy dataset allows for varying degrees of membership, providing a
more nuanced analysis. Variables are calibrated into categories (e.g., 0, 0.25, 0.5, 0.75, and 1) to reflect
partial membership in each set. In appendix 7 both the overview for the calibrated binary dataset as
for the calibrated fuzzy dataset is presented.

3.3.1 Consortium success - dependent variable

The dependent variable, success, as previously discussed, is measured and classified at two levels:
moderate success and high success. This variable is straightforward to calibrate into binary values due
to the measurement method employed. In the Excel file, the scores for each consortium were summed,
and an if-else statement was created to convert these scores into binary values.

For moderate success, a total score of 4 or higher across the three success criteria was required. This
approach allows for multiple forms of success to be captured. For instance, one way a consortium could
achieve moderate success is by creating a standard (score 1), having moderate market impact (score
2), and gaining moderate scholarly recognition (score 2). This scenario would yield a total score of 5,
thereby classifying the consortium as having moderate success because it has created a standard and
has reasonable impact in both the market and academia. Another scenario for moderate success could
involve a consortium that has created a standard (score 1) but has no market impact (score 0), yet
has significant scholarly recognition (score 3). This indicates that a high-quality, innovative standard
has been developed, but it has not yet been adopted in the market. This situation is still considered a
success because the consortium’s work has substantial academic value, suggesting potential for future
market impact once the market is ready.

To also identify the most impactful and innovative consortia, a high success indicator was added.
High success is only assigned if the consortium achieves the highest possible score of 7. This stringent
criterion ensures that only the most successful consortia are highlighted.

The result was a comprehensive overview of 40 consortia, each evaluated for moderate or high success
through the assignment of a binary score. In this system, a score of 0 indicates no success, while a
score of 1 indicates success.
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3.3.2 Large company dominance - independent variable

The concept of large company dominance in consortia is somewhat ambiguous and open to interpre-
tation. The literature does not provide a universally accepted definition or method for quantifying
this phenomenon, which presents a challenge when attempting to measure it in a systematic way.
However, previous research in related fields has attempted to quantify corporate influence through
various means, such as the analysis of board positions, ownership stakes, or resource contributions
(Mizruchi, 1996; Pfeffer & Salancik, 1978).

In response to the need for a more comprehensive measure of dominance within consortia, this study
has developed the ”Combined Dominance Score” (CDS). This formula is designed to represent and
integrate different forms of dominance, both direct and indirect, that a company may exert within a
consortium. The formula is expressed as follows:

Combined Dominance Score (CDS) = 0.5 *BPP + 0.5 * HP

The Board Position Proportion (BPP) reflects the direct influence a company exerts through its
governance roles, particularly board positions. This measure aligns with research that has highlighted
the importance of board representation in corporate governance as a means of exerting influence (Zahra
& Pearce, 1989). Meanwhile, the Holding Proportion (HP) accounts for the indirect influence of a
company, such as its financial contributions or ownership stakes, a concept often discussed in studies
of corporate power and resource control (Pfeffer & Salancik, 1978).

While the Combined Dominance Score is a novel formula developed for this study, the approach
of quantifying influence through a combination of direct and indirect measures has precedents in
other research domains. For example, studies on corporate governance and strategic alliances have
often employed similar methodologies to assess influence by combining variables like board presence
and equity stakes (Gulati & Westphal, 1999; Hillman, Cannella, & Paetzold, 2000). However, there
appears to be no direct application of such a formula specifically within the context of standard-setting
consortia.

The CDS therefore represents an adaptation of existing ideas from broader organizational research to
the specific context of consortia. It is informed by established methods of measuring influence but
tailored to the unique dynamics of standard-setting bodies, where both governance roles and resource
contributions play crucial roles in determining dominance. This formula provides a structured way to
quantify the influence of large companies, enabling a more precise analysis of power dynamics within
consortia.

'y . Number of Board Positions Held by the Company
Board Position PI‘U]_IUI tion {B PP} Total Number of Board Positions in the Consortinm

Figure 1: BPP formula

The Headcount Proportion (HP) refers to the ratio of a company’s headcount to the total headcount
of all companies within the consortium. This measure represents the indirect power large companies
possess through their resources relative to smaller companies in the consortium. Larger companies,
by virtue of their more extensive resources, can leverage their workforce, financial strength, and
operational capabilities to exert influence. This can include swaying decisions, shaping consortium
policies, and potentially overshadowing smaller companies’ interests. Even without a board position,
larger companies can exert considerable influence on smaller consortium members, which may or may
not be in the board, through these means.

The total formula for the combined dominance score is thus:

The combination of these two factors, direct influence through board positions and indirect influence
through resource allocation, provides a comprehensive measure of power dynamics within a consortium.
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Company's Headeount
Total Headeount of All Companies in the Consortinm

Headcount Proportion (HP) —

Figure 2: HP formula

CDS = 0.5 Number of Board Positions Held by the Company 0.5 Company’s Headcount
S -0 Total Number of Board Positions in the Consortium «2 X | Total Headcount of All Companies in the Consortinm

Figure 3: CDS formula

Both factors are weighted equally in the CDS formula to reflect their balanced contribution to overall
dominance. The rationale for this equal weighting lies in the understanding that both direct decision-
making power and the capability to influence through resources are critical to assessing a company’s
overall dominance within a consortium. By integrating these elements, the CDS provides a quantifiable
measure of power distribution, enabling a more nuanced understanding of how influence is exercised
and maintained among consortium members, including the significant yet often underestimated role
of smaller companies.

Defining large company

Now that the formula to determine large company dominance has been established, it is essential to
define what is meant by ”large companies.” This is not a straightforward task, as there is no universally
accepted definition. The options and interpretations are numerous, and this study considers two
primary approaches to defining large companies.

European guidlines

Firstly, we follow the European guidelines for determining company sizes. To categorize the size of an
organization, various standards have been created worldwide. For this study, we adhere to the ”User
Guide to the SME Definition” by the European Commission (European Commission, Directorate-
General for Internal Market, & SMEs, 2020). Given that the data encompasses consortia from around
the globe, the term ”large company” can vary significantly depending on regional definitions. There-
fore, a consistent categorization is necessary to facilitate accurate comparisons.

Since this research is conducted in the Netherlands, it is practical to follow the European guidelines.
Additionally, these guidelines are comprehensive, incorporating several factors into the categoriza-
tion, unlike some other international standards. This thorough approach ensures a well-considered
classification of company sizes.

According to the User Guide to the SME Definition, an organization’s size is determined by the
number of employees and either annual revenue or the annual balance sheet total. The guidelines
categorize organizations into micro, small, and medium-sized enterprises (SMEs). Any organization
that does not fit into these categories is considered a large company. The table below illustrates these
classifications:

Enterprise category | Headcount: annual work unit (AWU) | AND | Annual turnover in EUR € | OR | Annual balance sheet total in EUR €
Micro <10 AND | < 2mullion OR | <2 million

Small <50 AND | < 10million OR | <10 million

Medium <250 AND | < 50million OR | <43 million

Large If not classifiable in any of the above categories

Table 1: User guide to the SME Definition (European Commission et al., 2020)

While the European guidelines provide a comprehensive framework for categorizing company sizes
based on multiple factors, this study relies solely on headcount to determine company size. This deci-
sion was made due to the ease and speed of obtaining employee data from LinkedIn, which was readily
available for most companies. Given the scope of the research and the large number of companies
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involved, using headcount as the primary metric was the most practical approach to ensure timely
and consistent data collection.

Top 10%

In the first method, companies with more than 250 employees are included in the CDS calculation.
This could result in high dominance scores for many companies, potentially diluting the specificity
of the analysis. To address this, a second method was developed, assessing dominance based on the
top 10% of companies within a consortium. This method evaluates relative dominance by focusing
on the most influential companies, rather than a fixed employee threshold, providing a more nuanced
understanding of dominance.

The analysis began by determining the total number of companies in the dataset, then calculating
10% of this total. To ensure inclusivity, especially in smaller datasets, this number was rounded up to
the nearest whole number. For instance, in a dataset of 30 companies, 10% would be three companies.
This method ensured robustness and meaningful analysis, even with fewer companies. Next, companies
were ranked in descending order based on employee count. The top 10% of companies, those with the
highest number of employees, were then isolated for further analysis for the CDS.

This methodology is straightforward yet robust. It defines the dataset’s scope, ensures inclusivity,
and identifies the most significant companies by employee count. Focusing on the top 10% provides
meaningful insights into the most impactful companies. This structured approach ensures consistent,
reliable, and reproducible analysis, enhancing the credibility of the results and providing a clear
framework for examining significant companies within the dataset.

Calibration

The calculation of the Consortium Dominance Score (CDS) was conducted using two distinct method-
ologies. The first method included only companies with more than 250 employees, while the second
method considered only the top 10% of companies by size.

In the attached Excel file, within the sheet named “Company size variable,” both the number of
employees per company and the corresponding CDS calculations are provided. LinkedIn classifies
employee numbers within ranges, and for the sake of these calculations, the midpoint of each range
was used. An alternative approach using the minimum and maximum values of the ranges was also
considered; however, this approach resulted in a distribution where a large number of companies either
fell into or out of the European guideline categories, causing instability. The use of the midpoint
maintained a more consistent distribution.

After calculating the CDS for each company, which indicates the company’s influence within the
consortium, the CDS values were summed based on the two methods to derive a CDS for the entire
consortium. This resulting score ranges between 0 and 1, where a score closer to 1 indicates greater
influence by large companies within the consortium. In the Excel file, columns X and Z show the
summed CDS values for each consortium for the methods considering companies with more than 250
employees and the top 10% of companies, respectively.

Preparation for QCA

Since the CDS is continuous data, it had to be converted for the QCA analysis into either a crisp set
(binary) or a fuzzy set (categorical). Due to the unknown effects, both conversion options were tested.
In both cases, the median was used as the basis for categorization. Initially, a threshold of 0.5 was
considered, implying that large companies would dominate if their CDS was 0.5 or greater. However,
this threshold proved impractical, as most data points exceeded this value, particularly using the first
method (250 employees), limiting the potential for meaningful analysis. Therefore, the median was
used to determine relative dominance within consortia.

For the crisp set, the categories were defined based on whether the CDS was above or below the
median. The median for the first method (250 employees) was 0.9481, and for the second method (top
10%) was 0.5087. Data points equal to or below the median were classified as 0, while those above
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were classified as 1. The fuzzy set was categorized into four groups. Since QCA compares categories
with the strongest association to 0 or 1, no category could be centered around 0.5 to avoid ambiguity.
Thus, four categories were created, determined using the first quartile, median, and third quartile for
each method (250 employees and top 10%). These thresholds are described in table 3.

CDS based on 250 employees

First quartile (Q1): 0,7549
Median (Q2): 0,9481
Third quartile (Q3): 0,9997
CDS based on top 10%

First quartile (Q1): 0,4158
Median (Q2): 0,5087
Third quartile (Q3): 0,6079

Table 2: Data distribution CDS

Based on these thresholds, four categories were established to classify the data points. Specifically, if
a data point is smaller than the first quartile (Q1), it is categorized as 0. A value less than the second
quartile (Q2) but greater than or equal to Q1 is assigned a category of 0.25. Similarly, a value less
than the third quartile (Q3) but greater than or equal to Q2 is categorized as 0.75. All remaining
data points, those greater than or equal to Q3, are classified as 1. This classification scheme avoids
placing data points in the middle of the range, thereby enhancing the granularity of the representation
compared to binary data, while preventing ambiguity at the midpoint.

3.3.3 Geographical proximity - independent variable

Geographical proximity can be measured in various ways. Boschma (2005); Scherngell and Barber
(2009)describe that it is often quantified by calculating the physical distances between consortium
members’ headquarters or key operational locations, facilitated by Geographic Information Systems.
This involves identifying headquarters locations, extracting geographic coordinates from official ad-
dresses, and calculating the great circle distance between them. The pairwise distances are then
averaged or medians taken to measure overall geographic proximity within the consortium(Balland,
Boschma, & Frenken, 2015). Another approach uses regional codes, such as the Federal Informa-
tion Processing Standards (FIPS) in the United States and the Nomenclature of Territorial Units for
Statistics (NUTS) in Europe. These codes classify consortium members into regions and measure
proximity based on these classifications. Members in the same region are considered geographically
proximate, whereas those in different regions are considered distant. For this research, we foresee that
both methods have drawbacks. Physical distance calculations may not accurately reflect consortium
proximity, as a single distant company can skew the average, and they do not account for economic
and social interactions crucial for collaboration (Boschma, 2005). Regional codes like FIPS and NUTS
are difficult to compare across countries and continents, complicating accurate proximity measurement
for global consortia.

Since the locations of the headquarters have already been collected and are available at the city
level, this information is relatively detailed for comparing consortia worldwide. One way to measure
proximity with the current data is by using a Blau index, which quantifies diversity within a group,
where a higher Blau’s index indicates greater diversity and a lower index indicates higher homogeneity
(Solanas, Selvam, Navarro, & Leiva, 2012). The Blau’s index formula is as follow:
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Blau™s mndex
(Variety)

Figure 4: Blau’s index formula

Given that there is likely to be limited overlap at the city level, it was decided to also calculate
proximity at the country level and the UN geo-subregion level. Calculating proximity at these three
levels—city, country, and UN geo-subregion—provides a more comprehensive analysis. The city level
offers fine-grained detail, the country level provides a broader perspective, and the UN geo-subregion
level, which is a classification system that groups countries into subregions based on geographic and
socio-economic similarities, adds an intermediate layer of granularity (United Nations Statistics Divi-
sion, 2024).

For each depth level of geographical proximity, a Blau’s index was created for each consortium. This
data can be found in the Excel sheet in “location variable”. To determine what constitutes a high
or low Blau’s index value in terms of geographical proximity, we used the median. Specifically, we
calculated the median of all three sets of Blau’s index values to achieve an even distribution.

If the median were calculated separately for each depth level, it would mean that approximately
half of the data points at each level (city, country, UN geo-subregion) would fall above and below
their respective medians. This approach would minimize the differentiation between the three levels,
rendering the comparison ineffective. By using the combined median of the Blau’s indices, we ensure a
more integrated and meaningful comparison across all depth levels. This combined approach enhances
the analysis by highlighting the overall distribution and variation in geographical proximity across the
different levels, providing a clearer picture of the spatial relationships within the consortia.

Blau’s index geographical proximity

First quartile (Q1): 0,6228
Median (Q2): 0,7535
Third quartile (Q3): 0,9023

Table 3: Data distribution Blau’s index geographical proximity

The crisp set was determined by the median of 0.7535. Since a low Blau’s index indicates high
proximity, the binary variable would be set to 1 if the data point is below the median. If the data
point is above the median it indicates low proximity, so it is set to 0.

Based on these thresholds, four categories were established to classify the data points for the fuzzy
dataset. If the a data point is smaller than the first quartile (Q1), it is categorized as 1. A value less
than the second quartile (Q2) but greater than or equal to Q1 is assigned a category of 0.75. Similarly,
a value less than the third quartile (Q3) but greater than or equal to Q2 is categorized as 0.25. All
remaining data points, those greater than or equal to Q3, are classified as 0. This classification scheme
again avoids placing data points in the middle of the range, thereby enhancing the granularity of the
representation compared to binary data, while preventing ambiguity at the midpoint.

3.3.4 Technological proximity - independent variable

To measure technological proximity within this study, the structured classification system named the
Global Industry Classification Standard (GICS) will be used. This system provides a systematic way
to categorize companies based on their primary business activities and technological expertise.

Developed by MSCI and Standard & Poor’s, the GICS is widely used in the financial sector, par-
ticularly by investors, asset managers, and researchers who rely on standardized sectors to analyze
potential investment assets. This classification method organizes companies into 11 sectors, 25 indus-
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try groups, 74 industries, and 163 sub-industries (MSCI Inc., 2023). Its widespread use, especially
in the United States, makes it a reliable choice for financial analysis and investment decision-making
(Hawkins, 2023). The GICS is an excellent choice for this study because it provides a detailed and
universally recognized framework for classifying technological and industrial activities, ensuring con-
sistency and comparability across different firms.

By applying such a classification-based approach, technological proximity can be quantified by deter-
mining the concentration of firms within specific sectors, industry groups, or sub-industries. A higher
concentration within specific categories indicates greater technological proximity, which can then be
correlated with consortium success to examine the hypothesized relationships.

Given that the LinkedIn data provides the primary sector in which companies operate, often at the sub-
industry and industry group levels, it was decided to categorize technological proximity at three levels:
sub-industry, industry group, and sector. This multi-tiered categorization allows for a more nuanced
analysis, offering fine-grained detail at the sub-industry level, broader industry group perspectives,
and the overall sector view, thus capturing different layers of technological proximity within consortia.

For each depth level of technological proximity, a Blau’s index was created for each consortium. This
data can be found in the Excel sheet named “sector variable”. To determine what constitutes a high
or low Blau’s index value in terms of technological proximity, we used the median of all three sets of
Blau’s index values to achieve an even distribution.

If the median were calculated separately for each depth level, it would mean that approximately half
of the data points at each level (sub-industry, industry group, sector) would fall above and below
their respective medians. This approach would minimize the differentiation between the three levels,
rendering the comparison ineffective. By using the combined median of the Blau’s indices, we ensure a
more integrated and meaningful comparison across all depth levels. This combined approach enhances
the analysis by highlighting the overall distribution and variation in technological proximity across
the different levels, providing a clearer picture of the technological relationships within the consortia.

Blau’s index technological proximity

First quartile (Q1): 0.5878
Median (Q2): 0.6942
Third quartile (Q3): 0.7923

Table 4: Data distribution Blau’s index technological proximity

The crisp set was determined by the median of 0.6942. Since a low Blau’s index indicates high
proximity, the binary variable is set to 1 if the data point is below the median. If the data point is
above the median, it indicates low proximity and is set to 0.

Based on these thresholds, four categories were established to classify the data points for the fuzzy
dataset. If a data point is smaller than the first quartile (Q1), it is categorized as 1. A value less than
the second quartile (Q2) but greater than or equal to Q1 is assigned a category of 0.75. Similarly,
a value less than the third quartile (Q3) but greater than or equal to Q2 is categorized as 0.25.
All remaining data points, those greater than or equal to Q3, are classified as 0. This classification
scheme avoids placing data points in the middle of the range, thereby enhancing the granularity of
the representation compared to binary data while preventing ambiguity at the midpoint.

3.4 Validity and Reliability

Validity
In this research, various strategies were employed to achieve high validity.

Firstly, operational definitions were meticulously crafted for key success indicators such as created
standards, standard adoption, and scholarly recognition. These definitions were grounded in specific
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inclusion and exclusion criteria. For instance, the success indicator ”created standards” required doc-
umented evidence from official consortium publications or annual reports. This stringent requirement
ensured that the measurement truly reflected the consortium’s ability to develop formalized guidelines.

To further enhance validity, a comprehensive approach was adopted for determining the adoption of
standards. This involved analyzing multiple sources and qualitative indicators from various websites
and news articles. By triangulating data from these diverse sources, a more accurate and reliable
measure of standard adoption was achieved, minimizing the risk of bias or incomplete information.

Another critical step in ensuring validity was the calibration of data into fuzzy sets and crisp sets.
This process used theoretically and empirically justified thresholds, such as medians for categorizing
Blau’s index values. By doing so, the measures accurately captured varying degrees of proximity
and influence among consortium members. The robustness of the methodological framework also
contributed to the study’s validity. The use of Fuzzy-Set Qualitative Comparative Analysis (fsQCA)
allowed for a nuanced analysis of complex causal relationships. The meticulous calibration of variables
and the logical minimization process provided a strong foundation for internal validity, ensuring that
the findings as good as possible reflected the phenomena under investigation.

Reliability
Several measures were taken to ensure that the results of this study are reliable.

The data collection process was systematic and thoroughly documented. Explicit criteria for inclusion
and exclusion were defined and adhered to throughout the research. This systematic approach ensures
that the data collection process can be replicated by other researchers, yielding consistent results.

The analysis was conducted using the fs/QCA software developed by Ragin (2024), a well-established
tool in the field of qualitative comparative analysis. The use of this standardized software enhances
the reliability of the findings, as it provides a consistent platform for the analysis.

Transparency was a key aspect of the research. Every step of the data analysis, including the calcula-
tion of Blau’s indices and the calibration of variables, was meticulously documented. The Excel files
containing the raw data and intermediate calculations were made available, allowing for the verification
and replication of the study by other researchers.

The calibration process was uniformly applied across all variables. Consistent thresholds, such as
medians for Blau’s indices, were used to transform raw data into fuzzy sets or crisp sets. This
uniformity in calibration ensures that the data transformation process is reliable and can be replicated.

The methods used to calculate the Consortium Dominance Score (CDS) and measure geographical
and technological proximity were clearly defined and based on replicable procedures. This clarity
and consistency in methodology ensure that the same methods can be applied to different datasets,
yielding reliable results.

In summary, by addressing both validity and reliability through systematic data collection, the use
of established tools, transparent documentation, and consistent calibration procedures, this research
ensures that its findings are both accurate and consistent. This solid foundation supports a deeper
understanding of the factors influencing consortium success, providing valuable insights for future
research and practical applications.
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4 Results

The dataset analyzed in this study consists of 40 consortia within the Audio/Video/Multimedia sector,
chosen from an initial pool of 138 identified consortia. These consortia were selected based on criteria
such as relevance, data availability, and representativeness, ensuring a diverse and comprehensive
sample. The selected consortia exhibit varying degrees of large company dominance, geographical
proximity, and technological focus, providing a robust foundation for the Qualitative Comparative
Analysis (QCA).

4.1 Truth Tables and Simplification

This section discusses the construction, simplification, and interpretation of truth tables in Qualitative
Comparative Analysis. Truth tables are a fundamental tool in QCA, used to systematically display the
presence or absence of conditions across different cases and their corresponding outcomes. The process
of deriving and simplifying truth tables is crucial for identifying the key configurations of conditions
that lead to a particular outcome, such as the success of consortia in the Audio/Video/Multimedia
sector. The appendix 8 of this document contains detailed truth tables for each analysis conducted
in this study, illustrating the presence and absence of conditions across different consortia and their
corresponding outcomes.

Components of a Truth Table

A truth table consists of several rows, each representing a unique configuration of conditions, also
known as causal paths or recipes. Each condition can either be present (1) or absent (0) in a config-
uration. The outcome, which in this study is the success indicator of consortia, can also be present
(1) or absent (0). Additionally, truth tables include measures of consistency and coverage for each
configuration. Consistency refers to the proportion of cases with the outcome that exhibit the combi-
nation of conditions, indicating the reliability of the configuration. Coverage indicates the proportion
of cases with the outcome that are explained by a particular configuration, reflecting its explanatory
power (Mendel & Korjani, 2012).

Interpretation of Truth Tables

Interpreting truth tables involves understanding the relationships between conditions and the out-
come. High consistency and coverage values are indicative of strong and reliable pathways to the
outcome. Consistency close to 1 means that the configuration reliably predicts the outcome, while
high coverage means the configuration accounts for a large proportion of the outcome cases. For
instance, a configuration with a (raw) consistency of 0.85 means 85% of cases with this configuration
exhibit the outcome, and a coverage of 0.60 means this configuration explains 60% of all cases with
the outcome. If we take a first glance at the truth tables (also added in appendix 8), we see a lot
of possible solutions and outcomes with varying raw consistency and PRI consistency. The analysis
of the binary truth tables reveals that they contain relatively low consistency and coverage scores.
Specifically, the maximum consistency score in the binary truth table for high success is 0.5, and for
moderate success, it is 0.75. In contrast, the scores for the fuzzy dataset truth tables are generally
higher. The highest score for moderate success in the fuzzy truth table is 0.833, while for high success,
it reaches 1.
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raw consist,

CityHeadquarters Country UNGeoschemeSubregion  Sub-Industries IndustryGroup  Sector Dominance(>250) Dominance(top10%) number  Successindicator cases PRI consist. SYM consist
0 1 0 0 1 1 0 3 1 1 1 1
0 1 0 0 1 1 1 3 1 1 1 1
0 1 0 0 0 1 0 1 1 1 1 1
0 1 0 0 0 1 0 1 1 1 1 1
0 1 1 1 1 1 0 1 1 1 1 1
0 0 0 1 1 1 1 1 1 1 1 1
0 1 1 1 1 1 1 1 1 1 1 1
0 1 0 0 1 1 1 4 1 0.75 0.75 075
0 1 0 1 1 1 1 3 0 0.666667 0.666667 0.666667
0 1 0 0 1 0 0 2 0 0.5 0.5 0.5
0 1 0 0 1 1 0 2 0 05 0.5 0.5
0 1 0 1 1 1 0 2 0 0.5 0.5 0.5
0 1 1 1 1 1 0 2 0 05 05 0.5
0 1 0 0 0 1 1 2 0 05 05 0.5
0 0 0 0 1 1 1 2 0 0.5 0.5 0.5
0 1 0 1 1 1 1 2 0 05 05 0.5
0 1 0 0 1 0 0 1 0 0 0 0
0 1 0 1 1 0 0 1 0 0 0 0
0 1 1 1 1 0 0 1 0 0 0 0
0 1 1 1 1 0 0 1 0 0 0 0
0 1 0 1 1 1 0 1 0 0 0 0
1 1 1 1 1 0 1 1 0 0 0 0
0 0 0 0 0 1 1 1 0 0 0 0
Figure 5: Truth table binary variable + moderate success
LCDc 250 LCD.c 10 City Country UNGeoschemeSubregion  Sub-Industries  IndustryGroup Sector number Successindicator cases. raw consist. PRI consist, SYM consist
0 1 0 1 1 0 1 1 1 0.833333 0833333 0.833333
1 o 0 1 1 1 1 1 0 0777778 077778 0777778
0 1 0 1 1 0 o o 0 075 0.75 0.75
0 1 0 1 1 1 1 1 0 0727273 0.727273 0.727273
1 0 0 1 1 0 0 1 0 0.705882 0.705882 0.705882
1 o 0 1 1 o 1 1 0 0.705882 0.705882 0.705882
0 1 0 0 1 0 o 1 o 0.6875 0.6875 0.6875
0 1 0 1 1 0 0 1 0 0.666667 10.666667 0.666667
0 1 0 0 1 0 o o 0 0.666667 10.666667 10.666667
0 1 0 0 1 o 1 1 0 0.666667 0.666667 0.666667
0 o 0 1 1 0 o 1 o 0.653846 0.653846 0.653846
0 0 0 0 1 0 0 1 0 0.65 0.65 0.65
0 o 0 1 1 0 1 1 0 0.636364 0.636364 0.636364
1 o 0 0 1 0 o 1 0 0.625 0.625 0.625
0 o 0 0 1 0 1 1 o 0.6 0.6 0.6
0 0 0 0 0 0 1 1 0 0.583333 0.583333 0.583333
0 o 0 1 1 0 o o 0 0.5625 0.5625 0.5625
1 1 0 0 1 0 o 1 0 0.545455 0.545455 0.545455
1 o 0 0 0 0 o 1 0 0.533333 0533333 0533333
1 1 0 1 1 0 0 1 0 0.526316 0.526316 0.526316
1 1 0 1 1 o 1 1 0 0.5 0.5 0.5
0 1 0 0 1 1 1 1 o 0.5 0.5 0.5
1 1 0 0 1 1 1 1 0 0461538 0461538 0461538
1 1 0 1 1 1 1 1 0 0454545 0454545 0.454545
1 o 0 0 0 o o o 0 0375 0375 0375
1 o 1 1 1 1 1 1 o 0.2 0.2 0.2
1 0 1 1 1 0 1 1 0 0.166667

cases

Figure 6: Truth table categorial variable + moderate success
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CityHeadquarters  Country UNGeoschemeSubregion  Sub-Inclustries  IndustryGroup  Sector Dominance(>250) Dominance(topl0%) number Highsuccessindicator cases raw consist. PRI consist. SVM consist

0 1 0 0 0 1 0 1 1 1 1 1
cases

0 1 1 0 1 1 1 0 2 0 05 05 05
cases

0 1 1 0 0 0 1 1 2 0 05 05 05
cases

0 1 1 0 1 1 1 1 3 0 0333333 0.333333 0333333
cases

0 1 1 0 0 1 1 1 4 0 025 025 025
cases

0 1 1 0 0 1 0 0 2 0 0 0 0
cases

0 0 1 0 0 1 0 0 1 0 0 0 0
cases

0 1 1 0 1 1 0 0 1 0 0 0 0
cases

0 0 1 1 1 1 0 0 1 0 0 0 0
cases

0 1 1 1 1 1 0 0 1 0 0 0 0
cases

0 0 1 0 0 1 1 0 3 0 0 0 0
cases

0 0 1 0 0 1 1 1 3 0 0 0 0
cases

0 1 1 0 0 1 1 0 2 0 0 0 0
cases

0 0 1 1 1 1 1 0 2 0 0 0 0
cases

0 0 0 0 0 1 1 1 2 0 0 0 0
cases

0 0 1 0 1 1 1 1 2 0 0 0 0
cases

0 1 1 0 0 0 1 0 1 0 0 0 0
cases

0 0 1 0 1 1 1 0 1 0 0 0 0
cases

0 1 1 1 1 1 1 0 1 0 0 0 0
cases

0 0 0 0 0 0 1 1 1 0 0 0 0
cases

0 0 0 0 1 1 1 1 1 0 0 0 0
cases

0 1 1 1 1 1 1 1 1 0 0 0 0
cases

1 1 1 1 1 1 0 1 1 0 0 0 0
cases

1 1 1 0 1 1 1 1 1 0 0 0 [}
cases

Figure 7: Truth table binary variable + high success

LD 250 LCDg 10 Cityt Country UN jo-Ind yGroup Sector number  ghsuccessindicat cases raw consist, PRI consist. SYM consist

0 1 0 0 1 0 o 0 1 0 0333333 0333333 0333333
cases

[} 1 [} 1 1 0 1 1 1 0 0.277778 0277778 0.277778
cases

) ) ) 1 1 0 0 0 2 0 0.1875 01875 0.1875
cases

[ 1 [ 0 1 0 0 1 1 0 0.1875 0.1875 0.1875
cases

) 1 ) 1 1 1 1 1 1 0 0181212 0.121218 0181812
cases

1 [] [] 1 1 0 1 1 1 0 0.176471 0.176471 0.176471
cases

0 0 0 1 1 0 0 1 3 0 0.153846 0.153846 0.153846
cases

[} 1 [} 1 1 0 0 1 2 0 0.142857 0.142857 0.142857
cases

) 1 ) 0 1 0 1 1 1 0 0.133332 0.132333 0133332
cases

1 [ [ 1 1 1 1 1 1 0 o1 o.M o1
cases

) ) ) 0 1 0 0 1 1 0 04 0. 04
cases

[] 1 [] 0 1 1 1 1 1 0 04 0.1 04
cases

0 0 0 1 1 0 1 1 2 0 0.0909091 0.0909091 0.0909091
cases

1 1 [} 1 1 1 1 1 1 0 0.0909081 0.0809091 0.0909081
cases

) 1 ) 1 1 0 0 0 1 0 0.0833332 0.0833333 00333332
cases

[ [ [ 0 [ 0 1 1 1 0 0.0833333 0.0833333 0.0833333
cases

) ) ) 0 1 0 1 1 2 0 005 0.0 0.05
cases

1 1 [] 1 1 0 1 1 2 0 005 0.05 0.05
cases

1 1 0 0 1 0 0 1 4 0 0 0 0
cases

1 [} [} 0 [} 0 0 1 2 0 [} 0 [}
cases

1 1 ) 1 1 0 0 1 2 0 ) 0 )
cases

1 1 [ 0 1 1 1 1 2 0 [ 0 [
cases

1 ) ) 0 ) 0 0 0 1 0 ) 0 )
cases

1 [] [] 0 1 0 0 1 1 0 [] 0 []
cases

1 0 0 1 1 0 0 1 1 0 0 0 0
cases

1 [} 1 1 1 0 1 1 1 0 [} 0 [}
cases

1 ) 1 1 1 1 1 1 1 0 ) 0 )
cases

Figure 8: Truth table categorial variable 4+ high success

However, interpreting relationships within a large overview like a truth table can be challenging.
Therefore, truth tables are minimized to highlight the most frequently occurring and most predictive
cases. This minimization process aids in focusing on the key configurations that best explain the
outcomes, thus enhancing the interpretability and practical utility of the analysis.

Minimized truth tables

The minimization of truth tables in fSQCA, uses the Quine-McCluskey algorithm. This simplifies
complex data by generating and selecting prime implicants—combinations of causal conditions that
explain outcomes. It involves creating a prime implicant chart to visualize necessary conditions, select-
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ing essential implicants that uniquely cover outcomes, and evaluating their coverage and consistency.
The essential implicants are then combined to derive the simplest Boolean expression that explains
the data. This process reduces data complexity, enhances interpretability, and focuses on the most im-
pactful causal configurations, providing clear insights into the factors influencing consortium success.
The outcome is three solutions per truth table:

e Complex Solution: This includes all possible configurations without any logical reduction, re-
taining the most detail and representing all observed combinations that lead to the outcome.

e Intermediate Solution: This solution simplifies the complex solution by incorporating theoretical
and substantive knowledge, making logical assumptions about the relationships between condi-
tions. It eliminates configurations that are logically redundant or unsupported by empirical
data.

e Parsimonious Solution: The most simplified model, identifying only the essential conditions
necessary to explain the outcome. It retains the highest explanatory power with the least
complexity.

After minimizing the truth tables and reviewing the results, it is evident that most of the solutions
consist of a combination of individual solutions. These individual solutions each exhibit low raw
coverage and consistency scores but together achieve a combined consistency score above the threshold
of 0.8. These aggregated patterns yield limited insights due to the contradictory nature of the paths.
The insightful solutions with high raw coverage and relatively high consistency are the following two.:

Solution 1: Fuzzy Data Set with Moderate Success Outcome The Qualitative Comparative Analysis
(QCA) of the fuzzy data set provides insightful results regarding the conditions that lead to moderate
success. The analysis identifies a specific combination of factors that are sufficient for achieving this
outcome. The pathway identified is:

Solution 1:

~LCDcategorisation250 * LCD_categorisationtop10 * Country * ~Sub-Industries * IndustryGroup
Figure 9: solution 1

In the results, specific notations are used to represent the presence or absence of variables and their
relationships. The symbol ” ” indicates the absence of a particular condition , while the ”*” symbol
represents the logical ”and,” signifying the combination of conditions within the solutions.

This combination includes the presence of large company dominance based on the top 10% (LCDcat-
egorisationtopl0), geographical proximity at the country level (Country), and technological proximity
at the industry group level (IndustryGroup). Additionally, it involves the absence of large company
dominance based on a headcount of more than 250 employees (LCDcategorisation250) and the absence
of proximity at the sub-industry level (Sub-Industries).

The consistency of this solution is 0.833333, indicating that in 83.3% of the cases, this combination of
conditions results in moderate success. The coverage of 0.163043 means that this combination explains
16.3% of all instances where moderate success is predicted. This level of coverage is reasonable given
the numerous possible combinations and solutions in the analysis.

Further examination reveals that there are 32 cases with a membership score of 0.75 for this specific
combination of conditions. This indicates a substantial number of instances where these factors come
together to produce the desired outcome of moderate success.

The analysis of the binary data set reveals two primary pathways that lead to moderate success.
Together, these pathways achieve a high overall consistency of 0.929 and a raw coverage of 0.565,
indicating their significant explanatory power. The pathway identified are:
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Solution 2:

UNGeoschemeSubregion * IndustryGroup * Sector * Dominance(top10%)

~Country * UNGeoschemeSubregion * ~IndustryGroup * Dominance(>250)

Figure 10: Solution 2

The Qualitative Comparative Analysis (QCA) of the dataset reveals two primary pathways that lead
to moderate success, each characterized by a specific combination of conditions.

First Pathway: Moderate Success with High Certainty

The first pathway, with a consistency of 0.857143, signifies that it correctly predicts moderate success
in 85.7% of the relevant cases. This pathway is characterized by a combination of geographical
proximity at the UN subregion level (UNGeoschemeSubregion), technological proximity at both the
industry group level (IndustryGroup) and sector level (Sector), and large company dominance based
on the top 10

In this pathway, the analysis suggests that technological proximity should align at a broader industry
group level rather than being too specific. This indicates that while diverse insights from varying
sub-industries are beneficial, the level of specificity must be such that members can still effectively
understand each other’s substantial information. Furthermore, geographical proximity at the national
level must be present, highlighting that companies collaborate best when they are located within the
same or nearby UN subregions. This proximity facilitates better communication and trust-building,
which are crucial for effective collaboration.

Additionally, the pathway shows the absence of large company dominance based on headcount but
the presence of top 10% dominance. Although this might seem contradictory at first, it reflects a
logical explanation: when primarily smaller companies constitute a consortium, there will be no large
company dominance based on headcount. However, if dominance is assessed relative to the top 10

Second Pathway: High Success with Perfect Consistency

The second pathway indicates a perfect consistency score of 1, demonstrating its perfect alignment with
the desired outcome of moderate success. This pathway is characterized by the absence of geographical
proximity at the country level (Country), the presence of geographical proximity at the UN subregion
level (UNGeoschemeSubregion), the absence of technological proximity at the industry group level
(IndustryGroup), and the presence of large company dominance based on a headcount of more than
250 employees (Dominance(250)). This combination is present in two cases with a membership score
of 1.

From this solution, it is clear that large company dominance is a crucial factor, significantly enhancing
the consortium’s ability to achieve high success. Large companies bring substantial resources, extensive
networks, and significant influence, which are vital for driving the consortium’s initiatives forward
effectively. Additionally, geographical proximity at the UN subregion level is essential, facilitating
better communication, frequent face-to-face interactions, and stronger trust among members, which
are critical for efficient collaboration and decision-making. Lastly, technological proximity at the
industry group level suggests that consortium members should share a similar technological base
within the broader industry group, ensuring effective collaboration on technical aspects, fostering
innovation, and problem-solving.

The QCA results from both the fuzzy and binary data sets reveal specific combinations of conditions
that lead to moderate and high success. These pathways highlight the crucial roles of geographical
and technological proximities, as well as the dominance of large companies, in predicting successful
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outcomes. The high consistency and coverage values of these solutions underscore their robustness and
reliability in explaining the conditions leading to success. These findings provide a solid foundation
for understanding the factors contributing to success and can be valuable for strategic planning and
decision-making in related fields.

4.2 Necessary and sufficient conditions

This subsection includes the analysis of the necessary conditions for achieving success, we examined
both moderate and high success indicators using fuzzy and binary data sets. The necessity table are
presented in appendix 10. A necessity table is used in qualitative comparative analysis (QCA) to
determine if certain conditions are necessary for an outcome to occur. In other words, it assesses
whether a particular condition must be present for the outcome to be achieved.The results reveal
intriguing patterns and overlaps that reinforce the validity of our solution pathways. Here, we delve
into the significant findings and their alignment with our identified pathways.

UNGeoschemeSubregion, which means geographical proximity on United Nations geoscheme sub-
region level, emerges as a pivotal condition across all scenarios. Its consistency values are notably
high: 0.836957 for moderate success in the fuzzy data set, 0.913043 in the binary data set, 1.000000
for high success in the binary data set, and 0.900000 in the fuzzy data set. This indicates that ge-
ographical proximity at the UN subregion level consistently contributes to both moderate and high
success outcomes. This strong alignment underscores the critical role of regional proximity in fostering
successful collaborations and outcomes.

e Necessity: The condition demonstrates high consistency across all scenarios, indicating it is
a necessary condition for both moderate and high success. Specifically, its consistency values
are 0.836957 (moderate success/fuzzy data set), 0.913043 (moderate success/binary data set),
1.000000 (high success/binary data set), and 0.900000 (high success/fuzzy data set).

e Sufficiency: Given its high consistency and the role it plays in the solution pathways, UN-
GeoschemeSubregion is also a sufficient condition for success. Its strong alignment with success-
ful outcomes highlights its dual role as both necessary and sufficient.

Sector, which means technological proximity on sector level, demonstrates high consistency in achiev-
ing moderate success. This is indicated by consistency values of 0.804348 in the fuzzy data set and
0.869565 in the binary data set. However, its influence wanes slightly in the context of high success,
suggesting that while sectoral proximity is crucial for moderate success, other factors may take prece-
dence for higher levels of achievement. This highlights the importance of industry-specific dynamics
in driving moderate success outcomes.

e Necessity: The sector condition exhibits high consistency for moderate success with values of
0.804348 (fuzzy data set) and 0.869565 (binary data set), indicating it is necessary for moderate
success.

e Sufficiency: The lower consistency for high success (e.g., 0.600000) suggests that while sector
proximity is necessary for moderate success, it is not a sufficient condition for high success alone.
Other factors must complement it to achieve higher success levels.

Dominance by Large Companies (both top 10% and 250 employees) is another condition
that stands out. Dominance based on the measuring method top 10% , shows moderate consistency
across all scenarios, while dominance measured by companies with more than 250 employees exhibits
extremely high consistency in the binary data set, with values of 0.956522 for moderate success and 1.0
for high success. This indicates that the presence of large, dominant companies is a strong predictor of
success, especially when measured by binary indicators. The dominance condition’s high consistency
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aligns well with the identified solution pathways, reinforcing the idea that large companies play a
crucial role in driving successful outcomes.

Dominance by Large Companies (250 employees)

e Necessity: Dominance by companies with more than 250 employees shows extremely high con-
sistency in the binary data set for both moderate (0.956522) and high success (1.0), making it
a necessary condition for success.

e Sufficiency: Given the perfect consistency for high success in the binary data set, this condition
is also sufficient for achieving high success, particularly when large company dominance is a
decisive factor.

Dominance by Large Companies (top 10%)

e Necessity: This condition has moderate consistency across all scenarios, indicating it is a neces-
sary condition but not as strongly as the 250 employees criterion.

e Sufficiency: The presence of large company dominance based on the top 10% is not sufficient
alone for high success, as indicated by its lower consistency for high success compared to the 250
employees criterion.

Country-Level Proximity, which means geographical proximity on country level,is another signif-
icant factor with moderate to high consistency values across all scenarios. Its consistency values are
0.554348 for moderate success in the fuzzy data set, 0.521739 in the binary data set, 0.800000 for high
success in the binary data set, and 0.700000 in the fuzzy data set. This suggests that geographical
proximity at the country level is an important but not overwhelmingly decisive factor compared to
regional proximity at the UN subregion level.

e Necessity: The consistency values (0.554348 for moderate success/fuzzy data set, 0.521739 for
moderate success/binary data set, 0.800000 for high success/binary data set, and 0.700000 for
high success/fuzzy data set) indicate that country-level proximity is a necessary condition.

e Sufficiency: However, the moderate consistency values suggest that country-level proximity alone
is not sufficient to achieve success. It must be combined with other conditions.

Conversely, CityHeadquarters, which means geographical proximity city level, consistently shows
zero consistency and coverage across all success indicators. This indicates that the location of company
headquarters at the city level is not a significant condition for achieving either moderate or high
success. This contrasts with the importance of broader geographical proximities and suggests that
more localized proximities may not be as influential.

e Necessity: This condition consistently shows zero consistency and coverage across all success
indicators, indicating it is neither necessary nor sufficient for achieving success.

e Sufficiency: Given its lack of influence, city-level headquarters location is not a sufficient condi-
tion for success in any scenario.

Sub-Industries (Technological proximity measured on subindustry level)

e Necessity: The consistency values for sub-industries are relatively low across all scenarios, indi-
cating it is not a strong necessary condition. Specifically, the values are 0.163043 (moderate suc-
cess/fuzzy data set), 0.130435 (moderate success/binary data set), 0.000000 (high success/binary
data set), and 0.100000 (high success/fuzzy data set). This suggests that sub-industry proximity
does not play a significant role in achieving success.
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e Sufficiency: The low consistency values also indicate that sub-industry proximity alone is not
sufficient to achieve success. It is neither necessary nor sufficient, playing a minor role in the
overall success outcomes.

IndustryGroup (Technological proximity measured on industry group level)

e Necessity: The consistency values for industry group proximity are moderate, indicating it
is not a strong necessary condition. The values are 0.402174 (moderate success/fuzzy data
set), 0.347826 (moderate success/binary data set), 0.400000 (high success/binary data set), and
0.400000 (high success/fuzzy data set). This implies that industry group proximity has some
relevance but is not a decisive factor on its own.

e Sufficiency: The moderate consistency values suggest that industry group proximity is not suf-
ficient on its own to achieve success. It must be combined with other conditions to significantly
influence success outcomes.

4.3 Key finding
4.3.1 Variables

An examination of the necessity tables reveals critical factors for the success of consortia in the
Audio/Video/Multimedia sector. These findings provide valuable insights for enhancing strategic
planning and decision-making:

Geographical Proximity at the UN Subregion Level

The analysis reveals that geographical proximity at the UN subregion level consistently emerges as a
pivotal condition for both moderate and high success. For moderate success, the consistency values are
notably high across both fuzzy and binary datasets, such as 0.836957 in the fuzzy dataset and 0.913043
in the binary dataset. For high success, this condition achieves a perfect consistency value of 1.0 in
the binary dataset . These findings suggest that consortia benefit significantly from having members
located within the same regional proximity, which likely enhances communication, trust-building, and
collaborative efficiency .

Large Company Dominance

The presence of large companies within a consortium, measured either by inclusion in the top 10%
of companies or having more than 250 employees, shows varying levels of influence on success. For
moderate success, large company dominance based on having more than 250 employees displays a high
consistency value of 0.956522 in the binary dataset, indicating its near-necessity. For high success,
the condition is even more critical, with a perfect consistency value of 1.0 in the binary dataset. This
indicates that the presence of large companies is both a necessary and sufficient condition for achieving
high success, highlighting their vital role in the consortium’s outcomes .

Technological Proximity at the Industry Group Level

Technological proximity at the industry group level demonstrates moderate consistency values, such as
0.402174 for moderate success in the fuzzy dataset. This indicates that while technological proximity
is relevant, it is not a decisive factor on its own. It must be combined with other conditions to
significantly influence success outcomes. This suggests that while shared technological expertise is
beneficial, it must be complemented by other factors to drive consortium success .

Sector Proximity

Sector proximity exhibits high consistency for achieving moderate success, with values like 0.804348
in the fuzzy dataset. However, its influence diminishes for high success, indicating that while sectoral
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proximity is important for moderate success, other factors may take precedence for achieving higher
levels of success .

Real-Life Context and Implications
Regional Collaboration

Consortia should prioritize including members from at least the same UN subregion to maximize
their chances of success. The regional proximity facilitates better communication, trust-building, and
resource sharing, which are crucial for effective collaboration. The findings suggest that geographical
proximity is a key factor in both moderate and high success, underscoring the importance of regional
collaboration .

Leverage Large Companies

The presence of large companies within a consortium significantly enhances the likelihood of success.
Consortia should therefore strategically include such entities. Large companies contribute financial
stability, extensive resources, and substantial influence, which can drive the consortium’s initiatives
more effectively. The perfect consistency value for high success highlights the necessity of large com-
pany dominance in achieving significant outcomes .

Balanced Technological Diversity

While technological proximity at the industry group level is relevant, a balance must be struck to
avoid the pitfalls of excessive similarity. Too much similarity can stifle innovation, while too much
diversity can hinder effective collaboration. A balanced approach ensures efficient communication and
fosters innovative problem-solving. Consortia should aim to include members with complementary
technological expertise to enhance their innovative capabilities .

Sector-Specific Strategies

Sector proximity is crucial for moderate success, indicating that consortia should adopt sector-specific
strategies and collaborations. Understanding the dynamics and specific needs of the sector can help
consortia tailor their initiatives to address industry-specific challenges effectively. This targeted ap-
proach can enhance the relevance and impact of the consortium’s work within the sector

4.3.2 Hypothesis findings

The necessary condition analysis conducted in this study confirms or denies the following hypotheses:

Hypothesis 1: The dominance of large companies within a consortium is a key factor
influencing its success. Confirmed: The analysis shows that large company dominance has high
consistency across both moderate and high success indicators. For instance, the consistency value of
1.0 for high success confirms the critical role of large companies in consortium success

Hypothesis 2: Geographical proximity among consortium members is a key factor influ-
encing the success of the consortium.

Confirmed: Geographical proximity at the UN subregion level consistently contributes to both mod-
erate and high success, as evidenced by high consistency values such as 1.0 for high success in the
binary dataset. This underscores the importance of regional collaboration.

Hypothesis 3: The success of a consortium is influenced by the level of technological
proximity among its members.

Partially Confirmed: Technological proximity at the industry group level shows moderate consistency
values, indicating it is relevant but not decisive on its own. It needs to be combined with other
conditions to significantly influence success outcomes.

Hypothesis 4: The success of a consortium is determined by specific configurations of
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large company dominance, geographic proximity, and technological proximity.

Confirmed: The combined analysis reveals that specific configurations of these factors significantly
influence success. For example, the pathway combining large company dominance and geographical
proximity at the UN subregion level consistently leads to high success, demonstrating the importance
of these combined factors.

In conclusion, the QCA solutions highlight the critical importance of geographical and technological
proximities, as well as large company dominance, in achieving success in consortia. These findings
provide a robust foundation for strategic planning, emphasizing the need for regional collaboration,
leveraging large companies, balancing technological diversity, and adopting sector-specific strategies.
These insights can guide consortia in enhancing their collaborative efforts and achieving successful
outcomes in the Audio/Video/Multimedia sector.
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5 Conclusion

This research investigated the dynamics of standard-setting consortia within the Audio/Video/Multimedia
sector, focusing on the roles of large company dominance, geographical proximity, and technological
proximity. The study revealed that large company dominance significantly influences consortium suc-
cess, but an optimal balance is crucial to avoid power struggles and ensure effective collaboration.
Geographical proximity, especially at the UN subregion level, was found to consistently contribute to
consortium success by facilitating trust and communication. Technological proximity within industry
groups also plays a beneficial role, although it must be complemented by other factors to significantly
impact outcomes. The success of consortia is best understood through specific configurations of these
variables rather than any single factor alone.

The primary research question addressed in this study was: ”What combinations of large company
dominance, geographic proximity, and technological proximity lead to successful outcomes in standard-
setting consortia?”. The findings indicate that successful consortia are characterized by balanced
large company influence, significant geographical proximity, and appropriate technological alignment.
While each factor individually contributes to success, their combined effects create the most favorable
outcomes. The study also highlighted the importance of managing large company dominance to avoid
monopolization and fostering inclusive collaboration among all members.

This research contributes to the field by providing empirical evidence on the strategic influence of
large companies within standard-setting consortia, particularly in the Audio/Video/Multimedia sector.
It extends the understanding of how large firms drive innovation while balancing the contributions
of smaller participants. The study also offers nuanced insights into the roles of geographical and
technological proximities, emphasizing their combined effects on consortium success. By highlighting
the need for balanced configurations and the interplay of various factors, this research enriches the
academic discourse on standardization and collaborative innovation.

From a Management of Technology perspective, this thesis demonstrates how strategic engagement
in standard-setting consortia can enhance a firm’s technological capabilities and market positioning.
Technology managers can use these insights to navigate standard-setting processes more effectively,
ensuring that their firms leverage the benefits of collaboration while maintaining an optimal balance
of influence. Policymakers should consider developing guidelines that promote balanced representa-
tion within consortia, fostering environments where smaller firms can contribute meaningfully. This
approach can enhance the overall innovation capacity of consortia and ensure that standards reflect
a broader range of industry needs. For industry practitioners, understanding the critical roles of
geographical and technological proximities can help in forming strategic partnerships and collabora-
tions. Emphasizing regional collaboration and aligning technological interests can drive more effective
and innovative outcomes. By integrating these findings into technological and managerial strategies,
firms can better manage their participation in standard-setting consortia, ultimately enhancing their
innovation capabilities and market success.

In summary, this research offers valuable insights into the dynamics of standard-setting consortia,
providing a framework for understanding the factors that drive successful collaboration and innova-
tion. These findings contribute to both theoretical knowledge and practical applications, informing
technology management practices and shaping policies that support effective standard-setting efforts.
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6 Discussion

The Qualitative Comparative Analysis (QCA) conducted in this study has yielded insightful find-
ings regarding the pathways leading to both moderate and high success among consortia in the Au-
dio/Video/Multimedia sector. These results provide valuable implications for strategic planning and
decision-making within such consortia. This study addresses several gaps identified in the literature
review. It provides empirical evidence on the strategic influence of large companies within consortia,
particularly in the Audio/Video/Multimedia sector, a topic that was previously underexplored. By
highlighting the combined effects of geographical and technological proximities, this research offers a
more nuanced understanding of how these factors interact to influence consortium success. Further-
more, the study contributes to the discourse on power dynamics within consortia, offering insights
into how dominance by large firms can be both a benefit and a hindrance, depending on how it is
managed. This addresses a critical gap in understanding the balance needed for effective consortium
collaboration.

6.1 Contextualizing Results within the Existing Literature

The findings of this study reveal significant insights when compared to existing literature, enriching
our understanding of the dynamics within standard-setting consortia.

Firstly, the role of large company dominance was confirmed as a crucial factor influencing consortium
success. This observation supports the assertions made by Schilling and Phelps (2007), who noted
that large firms often shape the strategic direction and outcomes of consortia due to their extensive
resources and market influence. However, our study also underscored the necessity of balance. Exces-
sive dominance by large companies can lead to power struggles, potentially stifling the consortium’s
overall effectiveness. This insight resonates with Bouncken et al. (2015), who emphasized the risks of
monopolization by large firms and the need to maintain collaborative dynamics within consortia.

Regarding geographical proximity, our analysis indicated that proximity at the UN subregion level
consistently contributes to both moderate and high success in consortia. This finding is in line with
the work of Hagedoorn et al. (2000), who highlighted the benefits of regional collaboration, including
enhanced trust and more effective communication. Moreover, Balland and colleagues pointed out
that proximity facilitates the transfer of tacit knowledge, which is crucial for innovation and successful
collaboration in standard-setting activities. The role of technological proximity was partially confirmed
in our study. While technological alignment within industry groups was found to be beneficial, it was
not decisive on its own. This aligns with the observations of Cameron, Proudman, and Redding (2005),
who suggested that while technological proximity can ease collaboration and foster innovation, it must
be complemented by other factors to significantly impact outcomes. Additionally, the findings reflect
Santamaria, Nieto, and Barge-Gil’s emphasis on the importance of non-formal R&D activities and
diverse technological inputs for successful innovation.

Importantly, the success of consortia was found to be determined by specific configurations of large
company dominance, geographic proximity, and technological proximity. This holistic perspective is
supported by Raab et al. (2013), who posited that the interplay of various factors is critical to the
success of collaborative ventures. Our study reinforces this view, demonstrating that high success
rates are achieved through particular combinations of these variables rather than the presence of any
single factor alone. This study also addresses notable gaps in existing literature by providing empirical
evidence on the strategic influence of large companies within standard-setting consortia, particularly
in the Audio/Video/Multimedia sector. It extends our understanding of how large firms can drive
innovation while balancing the contributions of smaller participants. Furthermore, by emphasizing the
combined effects of geographical and technological proximities, the study offers a nuanced perspective
that enriches existing literature and provides practical insights for forming and managing successful
consortia.
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In summary, the findings of this study align with and expand upon existing literature, underscoring
the importance of large company dominance, geographical proximity, and technological alignment in
achieving consortium success. By highlighting the need for balanced configurations and the interplay
of various factors, this research contributes to a deeper understanding of consortium dynamics within
the standard-setting landscape.

6.2 Implications for Theory and Practice

Theoretical Implications
Here’s a revised version without using hyphens:

The findings of this study align with the Resource-Based View by illustrating how large firms leverage
their substantial resources, such as capital, technological expertise, and extensive networks, to exert
significant influence over consortium outcomes. In the context of standard-setting consortia, large
companies often utilize their resource advantages to shape the development and adoption of industry
standards. This influence can manifest in several ways, including driving the consortium’s strategic
direction, prioritizing certain technologies or standards that align with their business objectives, and
ensuring that the final outputs are favorable to their market position. By doing so, these firms not
only secure a competitive advantage within the consortium but also position themselves to benefit
disproportionately from the standards once they are adopted across the industry. This strategic use
of resources underscores the RBV’s assertion that a firm’s internal capabilities and assets are central
to its ability to influence external environments and achieve sustained competitive advantage. The
results also extend network theory by showing how geographic and technological proximities facilitate
collaboration and innovation within consortia. However, the necessity for balance in large company
dominance introduces a nuanced challenge to stakeholder theory, emphasizing the need for equitable
participation and power distribution. These results challenge the simplistic view that larger firms’
dominance is inherently beneficial, suggesting instead that optimal consortium performance depends
on a balanced approach. This highlights the importance of considering power dynamics and the
interplay of multiple factors in theoretical models of consortium success.

Practical Implications

For industry practitioners, these findings underscore the importance of managing large company dom-
inance to avoid power imbalances that could stifle innovation. Ensuring equitable participation among
all consortium members can enhance collaborative efforts and lead to more effective standard-setting.
This can be achieved by establishing governance structures that promote equal decision-making op-
portunities, such as rotating leadership roles and ensuring that all members, regardless of size, have
a voice in key decisions. Additionally, fostering transparent communication and creating clear guide-
lines for participation can help prevent any single entity from exerting disproportionate influence.
By implementing these measures, consortia can maintain a balanced power dynamic that encourages
innovation and ensures that the standards developed are reflective of the diverse interests within the
group. Policymakers can use these insights to develop guidelines that promote balanced representa-
tion within consortia, fostering environments where smaller firms can contribute meaningfully. This
approach can enhance the overall innovation capacity of consortia and ensure that standards reflect
a broader range of industry needs. For other stakeholders, understanding the critical roles of geo-
graphical and technological proximities can help in forming strategic partnerships and collaborations.
Emphasizing regional collaboration and aligning technological interests can drive more effective and
innovative outcomes.

Academic Contributions

This research advances the existing body of knowledge by providing a detailed analysis of the factors
influencing standard-setting consortia’s success. It challenges and extends current theories by intro-
ducing the importance of balance in large company dominance and the interplay of various factors.
These findings pave the way for future academic work to explore these dynamics in other sectors
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and contexts.The implications for the broader field include a deeper understanding of how consortia
operate and the conditions that lead to their success. This study’s holistic approach offers a frame-
work that can be adapted and applied to other collaborative innovation settings, thereby enriching
the academic discourse on standardization and innovation.

Societal/Managerial Relevance

The societal and managerial implications of these findings are significant. For managers, the insights on
balancing power dynamics within consortia can lead to more effective governance and better innovation
outcomes. Ensuring that all members, regardless of size, have a voice can foster a more inclusive
and productive collaborative environment. From a societal perspective, this research highlights the
importance of inclusive innovation processes that consider the needs and contributions of smaller firms.
By promoting balanced and equitable collaboration, consortia can develop standards that better serve
the entire industry and society at large, driving technological progress and economic growth.

In conclusion, this study’s findings offer valuable insights for both theory and practice, providing a
comprehensive understanding of the factors that drive success in standard-setting consortia. These
insights can inform future research, guide industry practices, and shape policies that promote more
effective and inclusive innovation collaborations.

6.3 Limitations

While this study provides valuable insights into the dynamics of standard-setting consortia, several
limitations must be acknowledged to ensure a balanced perspective.

One significant limitation is the sector-specific focus on the Audio/Video/Multimedia industry. Al-
though this sector plays a critical role in technological innovation and consumer products, the findings
may not be fully generalizable to other industries. Different sectors might operate under distinct
regulatory environments, face varying levels of market competition, or prioritize different types of
innovation, all of which could influence how consortia function and what drives their success. For
instance, sectors such as healthcare or telecommunications may have different collaboration dynamics,
where the regulatory landscape, the pace of technological change, or the critical nature of the standards
being set could significantly alter the factors that contribute to successful outcomes. Additionally, the
strategic interests and power dynamics among consortium members might differ across industries,
leading to unique challenges and opportunities that were not captured in this study. Therefore, fur-
ther research is necessary to validate these findings in diverse contexts, ensuring that the conclusions
drawn here are applicable beyond the specific sector studied.

When conducting the data we relied on publicly available data from consortium websites and LinkedIn
profiles, which presents certain constraints. This approach ensures broad coverage and systematic data
gathering, but the variability in the detail and completeness of publicly available information could
affect the accuracy of the findings. Some consortia might not fully disclose all relevant activities or
outcomes, leading to potential biases in the analysis. Moreover, defining and measuring the success of
consortia is inherently complex. This study employs a multifactor framework focusing on the creation
of standards, their adoption, and scholarly recognition. While robust, this framework may not capture
all dimensions of success, such as long-term impact, user satisfaction, or economic benefits, potentially
overlooking other relevant aspects of consortium performance.

The measures of geographical and technological proximity, though insightful, are simplifications. Ge-
ographical proximity is assessed at the city, country, and UN subregion levels, while technological
proximity is evaluated at the industry group level. These measures do not fully account for global
collaboration dynamics facilitated by digital communication, nor do they capture the complete spec-
trum of cognitive and knowledge similarities between consortium members. More nuanced measures
could enhance the understanding of these proximities’ impacts.

Furthermore, cross-sectional nature of this study captures a snapshot of current conditions and rela-
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tionships within consortia, but it does not account for changes over time. Evolving dynamics, shifting
power balances, and the long-term impacts of standards are not considered. Longitudinal studies could
provide deeper insights into how these factors influence consortium success over extended periods.

The measurement of large company dominance through the Combined Dominance Score (CDS) is
innovative but comes with limitations. While comprehensive, the CDS formula may not fully capture
all dimensions of influence, such as informal networks or strategic alliances that are less visible. Ad-
ditionally, defining large companies based solely on employee count might overlook other significant
attributes like revenue or market share.

In summary, while this study makes significant contributions to understanding the dynamics of
standard-setting consortia, it is essential to consider these limitations. Addressing them in future
research can enhance the robustness and applicability of the findings, providing a more comprehensive
understanding of consortium success factors.

6.4 Suggestions for Future Research

Building on the insights and limitations of this study, future research should expand its scope to in-
clude a broader range of industries beyond the Audio/Video/Multimedia sector. As identified in the
limitations, the sector-specific focus of this study may limit the generalizability of the findings. There-
fore, examining standard-setting consortia in diverse fields such as healthcare, telecommunications,
and renewable energy is essential. These sectors operate under different regulatory environments, mar-
ket dynamics, and technological imperatives, which could reveal unique factors influencing consortium
success. A cross-sectoral analysis would help determine whether the observed dynamics are consistent
across different contexts or whether industry-specific factors play a more significant role, providing a
more comprehensive understanding of collaborative innovation.

Additionally, the cross-sectional nature of this study, as noted in the limitations, captures only a
snapshot of current conditions and relationships within consortia. To address this, future research
should conduct longitudinal studies that track changes in power balances, member contributions, and
the long-term impacts of standards. Understanding how these dynamics evolve over time is crucial
for developing strategies that ensure sustained success and adaptability. Longitudinal research could
also explore how consortia adapt to new technological developments and market conditions, offering
valuable lessons for future collaborations and helping to refine strategies for effective standard-setting
efforts.

The limitations of this study also highlighted the simplifications made in measuring geographical and
technological proximity. Future research should aim to develop more nuanced measures that capture
the full complexity of these proximities. For example, finer-grained analyses could consider the role
of digital communication in reducing geographical barriers and explore more detailed classifications
of technological capabilities. These refined measures would provide a deeper understanding of how
proximity influences collaboration and innovation within consortia. Additionally, the Combined Dom-
inance Score (CDS) could be further developed to include other factors such as revenue, market share,
and informal networks, offering a more holistic view of large company influence and its impact on
consortium dynamics.

Finally, it is essential to explore the experiences and contributions of smaller firms within consortia, a
topic that was not fully addressed in this study. Understanding how smaller companies navigate and
contribute to consortia dominated by larger firms can lead to strategies that enhance inclusivity and
equity. This focus could amplify the voices and innovations of smaller participants, thereby improving
the overall effectiveness of consortia. Furthermore, investigating how different governance models and
regulatory frameworks affect collaboration and innovation can inform the development of policies that
support effective standard-setting practices. Addressing these areas in future research will build on
the findings of this study and contribute to a more nuanced and comprehensive understanding of the
factors that drive successful collaboration and innovation in standard-setting efforts.
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Consortium ID |LCDcategorisation250 LCD_categorisationtopl0 City Headquarters  'Country |UN Geoscheme Subregion Sub-Industries |Industry Group |Sector Success indicator  |High success indicator

1 0,25 0,25 0 0,25 0,25 ] 0,75 1 1 0

2 0 0,75 0 0,25 1 0 0,25 0,75 1 0

3 0 1 0,25 1 1 0 0,25 0,75 1 0

4 1 0,75 0 0,25 0,75 0,25 0,25 1 1 0

3 0,75 0,25 0 1 1 0 0,25 0,75 1 0

6 0,75 0 0 0,25 0,75 0,25 025 075 1 0

7 0 0,25 0 0,75 1 0,25 0,75 1 1 0

8 0,25 0,75 0,25 1 1 0 0] 025 1 0

9 1 0,75 0 1 1 0 025 075 1 0
10 0,25 0 0 0,75 0,75 0 0] 075 1 0
11 1 1 0,25 0,75 1 0 0,25 1 0 0
12 0 1 0 0,25 0,75 0 0] 025 1 1
13 0,75 0,75 0 0,25 1 0 025 075 1 0
14 0 0,25 0 0,75 0,75 0 0,25 1 1 1
15 1 0,75 0,25 0,75 1 0 1 1 0 0
16 0,25 0,75 0 0,75 1 0,75 1 1 1 0
17 1 0,25 9 0 0,25 0 0 075 1 0
18 0,25 0 9 0,75 0,75 0 025 075 0 0
19 0,75 1 0.25 0,25 0,75 0,75 1 1 1 0
20 0 0 0 0,75 1 0 0] 025 1 1
21 1 1 0 0,25 0,75 0,75 0,75 1 0 0
22 1 1 0 0,25 0,75 0.25 025 075 0 0
23 0,75 1 0 0,25 075 0 025 075 1 0
24 0,25 0,75 0 0,25 075 0.25 0,75 1 0 0
25 0,25 0 0 0,25 1 0 0,25 1 1 0
26 0,75 0,25 0,25 0,75 0,75 0,75 0,75 1 1 0
27 0 0,25 0,25 1 1 0,25 0,75 1 0 0
28 0,25 0 0 0,25 0,75 0 0,75 0,75 0 0
29 1 0,75 0 0,75 0,75 1 1 1 0 0
30 0,25 1 0 0,75 1 0 0 0,75 0 0
31 0,75 0,25 0 1 1 0,25 1 1 1 1
32 0 1 0 0,75 1 0,25 0,75 1 1 1
33 1 0 1 1 1 1 1 1 0 0
34 0,75 0,75 0,25 0,75 1 ] 0,75 0,75 0 0
35 0 0 0,25 0,75 0,75 ] 0,25 0,25 0 0
36 0 0 0 0,25 0,75 0,25 0,75 1 1 0
37 0 1 0,25 0,25 1 1 1 1 0 0
38 1 0 1 1 1 ] 0,75 0,75 0 0
39 0,75 0,25 0 0 0,25 0,25 0,25 1 0 0
40 0,75 0,25 0 0,25 0,25 0 0 0,25 0 0

8 Truth tables

Figure 12: Calibrated fuzzy dataset
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raw consist.

CityHeadquarters Country UNGeoschemeSubregion  Sub-Industries IndustryGroup  Sector Dominance(>250) Dominance(top10%) number  Successindicator cases PRI consist. SYM consist
0 1 0 0 1 1 0 3 1 1 1
0 1 0 0 1 1 1 3 1 1 1
0 1 0 0 o 1 o 1 1 1 1
0 1 0 0 0 1 0 1 1 1 1
0 1 1 1 1 1 0 1 1 1 1
0 0 0 1 1 1 1 1 1 1 1
0 1 1 1 1 1 1 1 1 1 1
0 1 0 0 1 1 1 4 0.75 0.75 075
0 1 0 1 1 1 1 3 0.666667 0.666667 0.666667
0 1 0 0 1 0 0 2 05 05 0.5
0 1 0 0 1 1 0 2 0.5 0.5 0.5
0 1 0 1 1 1 o 2 05 05 0.5
0 1 1 1 1 1 0 2 0.5 0.5 0.5
0 1 0 0 0 1 1 2 05 0.5 0.5
0 0 0 0 1 1 1 2 0.5 0.5 0.5
0 1 0 1 1 1 1 2 0.5 0.5 0.5
0 1 0 0 1 0 0 1 0 0 0
0 1 0 1 1 0 0 1 0 0 0
0 1 1 1 1 0 0 1 0 0 0
0 1 1 1 1 0 0 1 0 0 0
0 1 0 1 1 1 o 1 o o o
1 1 1 1 1 0 1 1 0 0 0
0 0 0 0 0 1 1 1 0 0 0
Figure 13: Truth table binary variable + moderate success
LCD 250 LCDs 10 City Country UNGeoschemeSubregion  Sub-Industries  IndustryGroup Sector number Successindicator cases raw cansist, PRI consist, SYM consist
0 1 0 1 1 0 1 1 1 1 0.833333 0833333 0.833333
1 o 0 1 1 1 1 1 1 0 0777778 077778 0777778
0 1 0 1 1 0 o o 1 0 075 0.75 0.75
0 1 0 1 1 1 1 1 1 0 0727273 0.727273 0.727273
1 0 0 1 1 0 0 1 1 0 0.705882 0.705882 0.705882
1 o 0 1 1 o 1 1 1 0 0.705882 0.705882 0.705882
0 1 0 0 1 0 o 1 1 0 0.6875 0.6875 0.6875
0 1 0 1 1 0 0 1 2 0 0.666667 10.666667 0.666667
0 1 0 0 1 0 0 0 1 0 0.666667 0.666667 0.666667
0 1 0 0 1 o 1 1 1 0 0.666667 0.666667 0.666667
0 o 0 1 1 0 o 1 3 o 0.653846 0.653846 0.653846
0 0 0 0 1 0 0 1 1 0 0.65 0.65 0.65
0 o 0 1 1 0 1 1 2 0 0.636364 0.636364 0.636364
1 o 0 0 1 0 o 1 1 0 0.625 0.625 0.625
0 o 0 0 1 0 1 1 2 o 0.6 0.6 0.6
0 0 0 0 0 0 1 1 1 0 0.583333 0.583333 0.583333
0 o 0 1 1 0 o o 2 0 0.5625 0.5625 0.5625
1 1 0 0 1 0 o 1 4 0 0.545455 0.545455 0.545455
1 o 0 0 0 0 o 1 2 0 0.533333 0533333 0533333
1 1 0 1 1 0 0 1 2 0 0.526316 0.526316 0.526316
1 1 0 1 1 o 1 1 2 0 0.5 0.5 0.5
0 1 0 0 1 1 1 1 1 0 0.5 0.5 05
1 1 0 0 1 1 1 1 2 0 0461538 0461538 0461538
1 1 0 1 1 1 1 1 1 0 0454545 0454545 0.454545
1 o 0 0 0 o o o 1 0 0375 0375 0375
1 o 1 1 1 1 1 1 1 o 0.2 0.2 0.2
1 0 1 1 1 0 1 1 1 0 0.166667

Figure 14:
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CityHeadquarters  Country UNGeoschemeSubregion  Sub-Indlustries  IndustryGroup  Sector Dominance(>250) Dominance(topl0%) number Highsuccessindicator cases raw consist. PRI consist. SVM consist

0 0 1 0 0 0 1 0 1 1 1 1 1
cases

0 1 1 0 1 1 1 0 2 0 0.5 03 0.3
cases

0 1 1 0 0 0 1 1 2 0 0.5 05 0.5
cases

0 1 1 0 1 1 1 1 3 0 0333333 0.333333 0333333
cases

0 1 1 0 0 1 1 1 4 0 025 0.25 023
cases

0 1 1 0 0 1 0 0 2 0 0 0 0
cases

0 0 1 0 0 1 0 0 1 0 0 0 0
cases

0 1 1 0 1 1 0 0 1 0 0 0 0
cases

0 0 1 1 1 1 0 0 1 0 0 0 0
cases

0 1 1 1 1 1 0 0 1 0 0 0 0
cases

0 0 1 0 0 1 1 0 3 0 0 0 0
cases

0 0 1 0 0 1 1 1 3 0 0 0 0
cases

0 1 1 0 0 1 1 0 2 0 0 0 0
cases

0 0 1 1 1 1 1 0 2 0 0 0 0
cases

0 0 0 0 0 1 1 1 2 0 0 0 0
cases

0 0 1 0 1 1 1 1 2 0 0 0 0
cases

0 1 1 0 0 0 1 0 1 0 0 0 0
cases

0 0 1 0 1 1 1 0 1 0 0 0 0
cases

0 1 1 1 1 1 1 0 1 0 0 0 0
cases

0 0 0 0 0 0 1 1 1 0 0 0 0
cases

0 0 0 0 1 1 1 1 1 0 0 0 0
cases

0 1 1 1 1 1 1 1 1 0 0 0 0
cases

1 1 1 1 1 1 0 1 1 0 0 0 0
cases

1 1 1 0 1 1 1 1 1 0 0 0 0
cases

Figure 15: Truth table binary variable + high success
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Figure 16: Truth table categorial variable 4+ high success
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9 Minimized truth tables

File: C:/Users/fabia/OneDrive - Delft University of Technology/Thesis Interorganizational networks and standard dominance/data/fsQCA/inputcategorien.csv
Model: Hi indicator = f(LCDcategorisation250, LCD categorisationtopl0, CityHeadquarters, Country, UNGeoschemeSubregion, Sub-Industries, IndustryGroup, Sector)
Algorithm: Quine-McCluskey

--- INTERMEDIATE SOLUTION ---
frequency cutoff: 1
consistency cutoff: 1

Assumptions:
Taw unique
coverags coverage consistency
~LCDcategorisation250*LCD_categorisationtopld*~CityHeadquarters*Country*UNGeoschemeSubregion®~Sub-Industriss* ~IndustIyGroup*~Sector 0.05 0.05 0.0833333
~LCDcategorisation250*LCD_categorisationtopld*~CityHeadquarters*Country*UNGeoschemeSubregion®~Sub-Industries* IndustryGroup*Sector 0.25 0.2 0.277778
LCDcategorisation250%~LCD_categorisationtopld*~CityHeadquarters*Country*UNGeoschemeSubregion*Sub-Industries* IndustryGroup*Sector 0.05 o 0.111111

solution coverage: 0.3
solution consistency: 0.206837

Cases with greater than 0.5 membership in term ~LCDeategorisation250*LCD categorisationtoplo*~CityHeadquarters*Country*UNGeoschemeSubregion®~Sub-Industries*~IndustryGroup*~Sector: 8 (0.75,0)
Cases with greater than 0.5 membership in term ~LCDeategorisation250*LCD _categorisationtoplO*~CityHeadquarters*Country*UNGeoschemeSubregion®~Sub-Industries* IndustryGroup*Sector: 32 (0.75,1)
Cases with greater than 0.5 membership in term LCDcategorisation250%~LCD _categorisationtoplO*~CityHeadquarters*Country*UNGeoschemeSubregion*Sub-Industries*IndustryGroup*Sector: 26 (0.75,0)

Figure 17: minimized truth table categorial data set + high success

*“IRUTH TABLE AMALYSIS*

File: C:/Users/fabia/CneDrive - Delft University of Technology/Thesis Incerorganizational networks and standard dominance/data/fsQCh/fsCChinpucvl.l.cav
Model: Highsuccessindicator = f(CityHeadquarters, Country, UNGeoschemeSubregion, Sub-Industries, IndustrySroup, Sector, Dominance (>250), Dominance (toplOs))
Algorichm: Quins-MeCluskey

--- COMPLEX SOLUTION —--
frequency cureff: 1
consistency cutoff: 1

aw unique
coverage coverage consistency
~CityHeadguarters*~Country*UNGeoschemeSubregion® ~Sub-Industries*~IndustryGroup* ~Sector ' Dominance (»250) *~Dominance (Topl0h) 0.2 0.2 i

solution coverage: 0.2
solution consistency: 1

Cases with greater than 0.5 membership in term ~CityHeadquarcers*~Country*UNGeoschemsSubregion*~Sub-Industries®~IndustryGroup*~Sector*Dominance (>250)*~Dominance (topl0¥): 12 |

“TRUTH TABLE ANALYSIS®
File: C:/Users/febia/CneDrive - Delft University of Technology/Thesis izational and standard i data/fs0CA/ £50CRinputvl.l.cov

Model: Highsuccessindicator = f(CityHeadguareers, Country, UNGeoschemeSubregien, Sub-Industries, IndustryGreup, Secter, Dominance (>250), Deminance (teplO¥))
Algerithm: Quine-McCluskey

PARSIMONICUS SOLUTION --—-
frequency cuteff: 1
consistency cuteff: 1

raw unique
coverage coverage  consistency

~Country*~5ector*~Dominance (coplok) 0.2 o 1

~Country*UNGecschemeSubregion® ~Sector 0.2 L] 1

solution coverage: 0.
solution consistency: 1

Cases with greater than 0.5 membership in term ~Country*~Sector*~Dominance (top.

¥): 12 (L 1)

Cases with greater than 0.5 membership in term ~Country*UNGecschemeSubregion*~Sect 12 41,1)

*TRUTH TABLE ANALYSIS*

File: C:/Users/fabia/CneDrive - Delft University of Technology/Thesis ational networks and dard dominance/data/fsQCA/£sQCAinputyl. Losy
Model: M dicator = £(CityMeadquarters, Counczy, UM h Sub-Ind , IndustryGroup, Sector, D {>280), Do [eeplon) )

Rlgorithm: Quine-HcCluskey

——— INTERMEDIATE SOLUTION —--
frequency cuteff: 1
consistency cutoff: 1

Assumptions:
eaw unique
coverage  coverage  comsistency
~CltyHeadquarters ' ~Country*UNGeoschemeSubYeglon® ~Sub-Industries  ~INAUSTrYGIOUp * ~5eCCor * Domls ice (>250) *~Dominance (Toplos) 0.z 0.2 L
selucion coverage: 0.2
cicn consistency: 1
Cases with greater than 0.5 membership in tesm ~Cif tezst-Countzy* TN giont~Sub-Industriest] yGroupt~SectorsDominance (>250) Dk (toplod): 12 {1,1)

Figure 18: minimized truth table binary data set 4+ high success
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*TRUTH TABLE BANALYSIS*
AR ARRARRARRARTARR

File: C:/Users/fabia/CneDrive - Delft University of Technology/Thesis Interorganizational networks and standard dominance/data/fsQCA/fsQCRinputvl.l.csv
Model: Successindicator = f(CityHeadquarters, Country, UNGeoschemeSubregion, Sub-Industries, IndustryGroup, Sector, Dominance (>250), Dominance (toplO%))
Algorithm: Quine-McCluskey

——— PARSIMONICUS SOLUTION ---—
frequency cutoff: 1
consistency cutoff: 0.75

raw unique
coverage coverage consistency
~Sector*~Dominance (topl0$) 0.0869565 0.0434783 1
~UNGe region* IndustryGroup 0.0434783  0.0434783 1
Country*Sub-Industries*Dominance (>250) 0.0869565 0.0369565 1
~Country*UNGeoschemeSubregion®~IndustryGroup*Dominance (>250) 0.304348 0.130435 1
UNGeoschemeSubregion*~IndustryGroup*Sector *Dominance (Toplot) 0.26087 0.130435 0.857143

solution coverage: 0.608696
solution consistency: 0.933333

Cases with greater than 0.5 membership in term ~Sector*-Dominance (toplO%): & (1,1),
12 (1,1)

Cases with greater than 0.5 membership in term ~UNGeoschemsSubregion*IndustryGroup: 1 (1,1)

Cases with greater than 0.5 membership in term Country*Sub-Industries*Dominance(>250): 16 (1,1),
26 (1,1)

Cases with greater than 0.5 membership in term ~Country*UNGeoschemeSubregion*~IndustryGroup*Dominance (>250): 2 (1,1),
4 (1,1, & (1,1), 12 (1,1),
13 (1,1), 23 (1,1), 25 (1,1)

Cases with greater than 0.5 membership in term UNGeoschemeSubregion*~IndustryGroup*Sector*Dominance(toplO%): 5 (1,1),
€ (1,1), 10 (1,1), 13 (1,1),
14 (1,1), 18 (1,0), 25 (1,1)

Figure 19: minimized truth table binary data set + moderate success

AEERARREARRRAA AR A AR

*TRUTH TABLE ANALYSIS*
B T ——

File: C:/Users/fabia/CneDrive - Delft University of Technology/Thesis Interorganizational networks and standard dominance/data/fsQCR/£sQCRinputvl.l.csv
Model: Successindicator = f(CityHeadquarters, Country, UNGeoschemeSubregion, Sub-Industries, IndustryGroup, Sector, Dominance(>250), Dominance (topld$))
Algorithm: Quine-McCluskey

-—- INTERMEDIATE SOLUTION -—-—
frequency cutoff: 1
consistency cutoff: 0.75

Assumptions:
raw unigue
coverage coverage  consistency

~CityHeadquarters*UNGeoschemeSubregion®~Sub-Industries®~IndustryGroup”~Sector*Dominance (»250) *~Dominance (topl0s) 0.0865565  0.0869565 1
~CityHeadquarters*UNGeosch bregion*~Sub-Industries*~IndustryGroup*Sector*Dominance (>250) *Dominance (topl0%) 0.26087 0.130435 0.857143
~CityHeadquarters*Country*UNGeoschemeSubregion*Sub-Industries* IndustryGroup* Sector* Dominance (>250) 0.0269565  0.0869565 1
~CityHeadquarters*~Country®~UNGeoschensSubregion®~Sub-Industries* IndustryGroup” Sector *Dominance (»250) *Dominance (topl0s) 0.0434783  0.0434783 1
~CityHeadquarters*~Country*UNGeoschemeSubregion*~Sub-Industries*~IndustryGroup*Sector*Dominance (>250) 0.26087 0.130435 1

solution coverages: 0.608696
solution consistency: 0.933333

Cases with greater than 0.5 membership in term ~CityHeadquarters*UNGeoschemeSubregion*-~Sub-Industries*~IndustryGroup*~Sector*Dominance (>250) *~Dominance (topl0%): 8 (1,1),
12 (1,1)
Cases with greater than 0.5 membership in term ~CityHeadgquarters*UNGeoschemeSubregion®~Sub-Industries*~IndustryGroup*Sector*Dominance (»250) *Dominance (toplO%): & (1,1),
€ (1,1), 10 (1,1), 13 (1,1),
14 (1,1), 18 (1,0), 25 (1,1)
Cases with greater than 0.5 membership in term ~CityHeadgquarters*Country*UNGeoschemsSubregion*Sub-Industries*IndustryGroup*Sector*Dominance (>250): 16 (1,1),
26 (1,1)
Cases with greater than 0.5 membership in term ~CityHeadguarters®~Country*~UNGeoschemeSubregion®~Sub-Industries*IndustryGroup*Sector*Dominance (»250) *Dominance (toplO%): 1
Cases with greater than 0.5 membership in term ~CityHeadguarters*~Country*UNGeoschemeSubregion*~Sub-Industries*~IndustryGroup*Sector*Dominance (>250}: 2 (1,1),
4 (1,1}, & (1,1}, 13 (L,1),
23 (1,1), 25 (1,1)

Figure 20: minimized truth table binary data set + moderate success
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*TRUTH TABLE ANALYSIS*

File: C:/Users/fabia/OneDrive - Delft University of Technology/Thesis Interorganizational metworks and standard dominance/data/fsQCA/fsQCAInputvl.l.csv
Model: Successindicator = f£(CityHeadquarters, Country, UNGeoschemeSubregion, Sub-Tndustries, IndustryGroup, Sector, Dominance(>250), Dominance(topl0%))
Algorithm: Quine-McCluskey

--- COMPLEX SOLUTION ---
frequency cutoff: 1
consistency cutoff: 0.75

raw unique
coverage coverage  consistency
~Ci rters*UNGe region®~Sub-Industries*~IndustryGroup*~Sector*Dominance (>250) *~Dominance (topl0%) 0.0869565  0.0369565 1
~Ci: rters*UNGe region®-Sub-Industries*~IndustryGroup*Sector*Dominance (>250) *Dominance (toplos) 9.26087 0.130435 0.857143
~CityHeadquarters*Country*UNGeoschemeSubregion* Sub-Industries* IndustryGroup* Sector* Dominance (>250) 0.0869565  0.0869565 1
~CityHeadquarters*~Country*-UNGeoschemeSubregion*~Sub-Industries*IndustryGroup* Sector*Dominance (>250) *Dominance (toplot) 0.0434783  0.0434783 1
~CityHeadquarters*~Country*UNGeoschemeSubregion#~Sub-Industries*~IndustryGroup*Sector*Dominance (>250) 0.26087 0.130435 1
solution coverage: 0.608696
solution consistency: 0.933333
Cases with greater than 0.5 membership in term ~Ci rters*UNGe region®-Sub-Industries*~IndustryGroup*-Sector*Dominance (>250) *~Dominance (toplot) : 8 (1,1),
12 (1,1)
Cases with greater than 0.5 membership in term ~Ci rrers*UNGe region®-Sub-Industries*~IndustryGroup*Sector*Dominance (>250) *Dominance (topl0s) : 5 (1,1),

€ (1,1), 10 (1,1), 13 (1,1),
14 (1,1), 18 (1,0), 25 (1,1)
Cases with greater than 0.5 membership in term ~CityHeadquarters*CountIy*UNGeoschemeSubregion*Sub-Industries*IndustryGroup*Sector*Deminance(>250): 16 (L,1),
26 (1,1)
Cases with greater than 0.5 membership in term ~CityHeadguarters*~Country*~UNGeoschemeSubregion*~Sub-Industries*IndustryGroup*Sector*Dominance (>250) “Dominance (copl@3): 1 (1,1)
Cases with greater than 0.5 membership in term ~CityHeadquarters*-Country*UNGeoschemeSubregion#~Sub-Industries*~IndustryGroup*SectorsDominance (>250): 2 (1,1),
4 (1,1), 8 (1,1), 13 (1,1},
23 (1,1), 25 (1,1)
*TRUTH TABLE ANALYSIS*
File: C:/Users/fabia/OneDrive - Delft University of Technology/Thesis Interorganizational networks and standard dominance/data/fsQCA/fsQCAinputvl.l.csv
Model: Successindicator = f(CityHeadquarters, Councry, UNGeoschemeSubregion, Sub-Industries, IndustryGroup, Sector, Dominance (»>250), Dominance (topl0%))
Algorithm: Quine-McCluskey

Figure 21: minimized truth table binary data set + moderate success
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*TRUTH TABLE ANALYSIS*
LT T ——

File: C:/Users/fabia/CneDrive - Delft University of Technology/Thesis Interorganizational necworks and standard dominance/data/fsQCA/inputcategorien.csv
Model: Successindicator = f(LCDcategorisation250, LCD_categorisationtopl0, CityHeadquarters, Country, UNGeoschemeSubregion, Sub-Industries, IndustryGroup, 5ector)
Blgorithm: Quine-McCluskey

--- COMPLEX SOLUTION -—-
frequency cutoff: 1
consistency cutoff: 0.833333

raw unique
coverage  coverage  consistency
~LCDcategorisation250°LCD_categorisationtoplO*~CityHeadquarters*Countrv*UNGeoschemeSubregion® ~Sub-Industries*IndustryGroup*Sector 0.163083  0.163043  0.833333

solution coverage: 0.163043
solution consistency: 0.833333

Cases with greater than 0.5 membership in term ~LCDcategorisation250*LCD_categorisationtopl*~CityHeadquarters*Country*UNGeoschemeSubregion*~Sub-Industries*IndustryGroup*Sector: 32 (0.75,1)

*TRUTH TABLE RNALYSIS*

File: C:/Users/fabia/OneDrive - Delft University of Technology/Thesis Interorganizational networks and standard dominance/data/fsQCA/inputcategorien.csv
Model: Successindicator = f(LCDcategorisation250, LCD_categorisationtopl0, CityHeadquarters, Country, UNGeoschemeSubregion, Sub-Industries, IndustryGroup, Sector)
Rlgorithm: Quine-McCluskey

Figure 22: minimized truth table categorial data set + moderate success
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*TRUTH TABLE ANALYSIS*

File: C:/Users/fabia/OneDrive - Delft University of Technology/Thesis Interorganizational networks and standard dominance/data/fsQCA/inputcategorien.csv
Model: Successindicator = f(LCDcategorisation250, LCD_categorisationtopld, CityHeadquarters, Country, UNGeoschemeSubregion, Sub-Industries, IndustryGroup, Sector)
Algorithm: Quine-McCluskey

--- INTERMEDIATE SOLUTION ---
frequency cutoff:
consistency cutoff: 0.833333

Assumptions:
raw unique
coverage  coverage consistency
~LCDcategorisation250*LCD_categorisationtoplo®~CicyHeadquarters® Country*UNGeoschemeSubregion®~Sub-Industries* IndustryGroup*Sector 0.163043  0.163043  0.833333

solution coverage: 0.163043
solution consistency: 0.833333

Cases with greater than 0.5 membership in term ~LCDCategorisation250*LCD_categorisationtoplo*~CityEeadquarters*Country*UNGeoschemeSubregion*~Sub-Industries*IndustryGIoup*5ecto:

Figure 23: minimized truth table categorial data set + moderate success

*TRUTH TABLE ANALYSIS*
KRR AR AR AR AR AR AR AR AR

File: C:/Users/fabia/CneDrive - Delft University of Technology/Thesis Interorganizational networks and standard dominance/data/fsQCA/inputcategorien.csv
Model: Successindicator = f({LCDcategorisation250, LCD categorisationtoplo, CityHeadquarters, Country, UNGeoschemeSubregion, Sub-Industries, IndustryGroup, Sector)
Algorithm: Quine-McCluskey

—-— BARSIMONIOUS SCLUTION ———
frequency cutoff: 1
consistency cuteff: 0.533333

raw unique
coverage coverage consistency
~LCDcategorisation250*LCD_categorisationtoplO*Country*~Sub-Industries*IndustzyGroup 0.163043 0.163043 0.833333

solution coverage: 0.163043
solution consistency: 0.833333

Cases with greater than 0.5 membership in term ~LCDcategorisation250%LCD_categorisationtoplO*Country*~Sub-Industries*IndustryGroup: 32 (0.75,1)
*TRUTH TABLE ANALYSIS*

File: C:/Users/fabia/OneDrive - Delft University of Technology/Thesis Interorganizational networks and standard dominance/data/fsQCA/inputcategorien.csv
Model: Successindicater = f(LCDcategorisation250, LCD_categorisationtopl0, CityHeadgquarters, Country, UNGeoschemeSubregion, Sub-Industries, IndustryGroup, Sector)
Algorithm: Quine-McCluskey

Figure 24: minimized truth table categorial data set + moderate success

o4

32

(0.75,1)



10 Necessity tables

Analysis of Hecessary Conditions
Cutcome wvariable: Highsuccessindicator

Conditions tested:

Consistency Coverage
CityHeadguarters 0.000000 0.000000
Country 0.800000 0.181818
THGeoschemeSubregion 1.000000 0.138388
Sub-Industries Q.000000 Q.000000
IndustryGroup 0.400000 0.111111
Sector 0.600000 0.085714
Dominance (»250) 1.000000 0.151515
Dominance (topl0d) Q.600000 0.142857

Figure 25: Necessary conditions binary data set 4+ high success

Analysis of Necessary Conditions
Cutcome wariable: Highsuccessindicator

Conditions tested:

Consistency Coverage
LCDoategorisation250 0.150000 0.037975
LCD categorisationtopld 0.500000 0.125000
CicyHeadguarters 0.000000 0.000000
Country 0.700000 0.155556
UNGeoschemeSubregion 0.900000 0.136364
Sub-Industries 0.100000 0.058824
IndustryGroup 0.400000 0.105263
Sector 0.700000 0.107652

Figure 26: Necessary conditions categorial data set 4+ high success

Analysis of Necessary Conditions
Cutcome wvariable: Successindicator

Conditions tested:

Consistency Coverage
Country 0.521739 0.54545%
UNGeoschemeSubregion 0.913043 0.583333
Sub-Industries 0.130435 0.428571
IndustryGroup 0.347826 0.444444
Sector 0.569565 0.57142%9
Dominance (>250) 0.956522 D.666667
Dominance (topl0%) 0.565217 0.€619048
CityHeadguarters 0.00Q0000 0.000000

Figure 27: Necessary conditions binary data set + moderate success
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Analysis of Necessary Conditions

Cutcome wariable: Successindicator

Conditions tested:

Consistency Coverage
LCDcategorisation2so 0.413043 0.481013
LCD_categorisationtopld 0.485130 0.562500
CicyHeadguarters 0.043478 0.222222
Country 0.554348 0.566667
UNGeoschemeSubregion 0.8385957 0.583333
Sub-Industries 0.163043 0.441176
IndustryGroup 0.402174 0.486842
Sector 0.804348 0.569231

Figure 28: Necessary conditions categorial data set + moderate success

11 Search Description and Selection Criteria

To identify and synthesize the most pertinent literature on standard-setting consortia, the methods
used to identify and select relevant studies for inclusion in this literature review are described in
this subsection. This literature review serves not only to ground our study in the existing body of
knowledge but also to pinpoint the knowledge gaps that the research intends to address. The search
was conducted using a combination of keywords and boolean operators in the Google Scholar database.

The keywords used for the search were ” Technology /innovation-driven”, ” Consortia ” and ” Standard-
ization”. These keywords were selected to capture a broad range of studies on the topic while ensuring
that the search results were relevant to the research question. Boolean operators were used to combine
the keywords and to narrow down the search results. A search with the search query ”Innovation-
driven standardization” OR ”Technology standardization” AND ”consortia” OR ”consortium” has
been conducted, resulting in 1680 initial hits. To streamline the search output and focus on contem-
porary research themes, the inclusion criteria were limited to studies published from the year 2018
and onwards. This process yielded a total of 388 scholarly articles, each subjected to a preliminary
review of its title and abstract. Among these, a subset of 18 articles was selected for their specific
focus on the causal and contextual factors, or interaction strategies, that influence the phenomenon
of innovation within consortia.

Subsequently, a detailed overview in Excel was compiled, which methodically categorizes each source
according to its sector, thematic focus, potential influencing factors, identified knowledge gaps, and
proposed avenues for future research. This comprehensive synthesis of the extant literature facil-
itated a clear understanding of the prevailing scholarly discourse and enabled the identification of
research domains frequently suggested by various academics. Through this approach, the present gap
in research was discovered and selected for further inquiry.
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