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Businesses today face intense international competition, a heightened pace of 

development and shortened product life cycles.  As a result, many researchers recommend firms 

collaborate and partner with other firms to succeed.  With over a decade of research examining 

alliances and inter-firm collaboration, we know a great deal about the benefits and outcomes 

firms realize through collaboration.  An important gap exists, however, in our understanding of 

the effect of partnering firms on collaborative outputs. 

This study attempts to address this gap by examining the success of collaborative new 

product development outputs.  The study was a quasi-experimental study using archival, time-

series data.  Hypotheses were tested at the project level, defined as the product output from the 

collaborative development effort.  Predictors were developed at both the firm and dyadic levels.   

Several findings emerged from this research.  The primary finding is that roles of alliance 

partners impact which capability and capital benefits accrue.  Firms functioning as a publisher 

benefit from increases in relevant experience.  Firms functioning as a developer benefit from 

working in areas in which they have experience, but largely to the extent that the developer also 

generalizes their capabilities.  One implication emerging from the capability findings suggests a 

need for configurational capability research.  From a social capital conception, developers with 

high network centrality have a negative impact on the perceived quality of the final software 

product.  Developers also benefit from embeddedness, products developed by developers in 

constrained networks outperformed products developed by developers in brokered networks.   
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CHAPTER 1  
 

INTRODUCTION 
 

The course of economic development in the twentieth century bore witness to a shift in 

the dominant logic of businesses.  An early emphasis on mass production and standardization 

gradually gave way to an era of specialization.  During this period of time, the focus of firms 

shifted from one of economies of scale to that of economies of scope.  Miles and colleagues have 

argued that this shift involved a change in the driving meta-capability of the era, moving from 

capabilities of delegation to capabilities of collaboration (Miles, Miles, & Snow, 2005). 

It is recognized that competition via scope increases the interdependency among firms 

(Pfeffer & Salancik, 1978).  In the process of narrowing the focal scope of the firm, benefits of 

specialization accrue.  However, this benefit comes at the cost of increased reliance on 

identification and collaboration with other specialist business partners in order to bring products 

to market.  In this way, firms achieve 'economies of scope through joint effort’ (Hagedoorn, 

1993).  Achieving such inter-firm collaboration requires a change in the orientation of firm-to-

firm relationships, or inter-organizational relationships (IOR).  Research indicates this requires a 

movement away from market-controlled, arms-length relations between atomistic actors towards 

inter-firm relations characterized by embeddedness, trust, and deep information sharing (Gulati, 

1998).  Such inter-firm collaborative ventures involve transition from traditional economics of 

short-term cost reduction and necessitate focus on the gains, or benefits, expected via 

collaboration. 

Two distinct themes emerge in the literature, each detailing benefits firms accumulate 

from past collaboration.  In both cases, these benefits accumulate directly and indirectly through 

collaborative material exchange relationships.  The first such benefit is one of adaptability.  With 

some exceptions, firm’s engaging in certain forms of IOR activity exhibit better ability to 
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interpret and adapt to environmental change (Meyer, 1982).  Higher quality and quantity of 

affiliation, or the greater connectedness, of the firm improves adaptability while less optimally 

connected firms exhibit fewer adaptive capabilities (Larson, 1992).  This manifests as increased 

innovative potential (Ahuja, 2000a; Baum, Calabrese, & Silverman, 2000; Bell, 2005), adoption 

of technologies and practices (Davis & Greve, 1997; Greve, 1996; Palmer, Jennings, & Zhou, 

1993), improved information access (Ahuja, 2000a; Koka & Prescott, 2002) and better 

environmental scanning (McEvily & Zaheer, 1999) generating an overall better ability to 

interpret and enact changes.  Interestingly though, over-connectedness has been linked to 

reduced adaptive capability (Gulati, Nohria, & Zaheer, 2000; Uzzi, 1997).  Researchers generally 

agree that a firm’s past affiliations shape their present capabilities. 

The second theme of the literature involves access.  Access refers to the ability of the 

firm to obtain the resources necessary for performance.  There are four distinct benefits 

associated with access.  First, the tenure and connectedness of a firm increases the overall 

legitimacy of the firm (Oliver, 1990).  Firms which have existed longer and firms which are 

better integrated into the existing institutional processes are perceived as more legitimate and 

generally receive better opportunities because of this legitimacy (Deephouse, 1996).  Part of the 

'liability of newness' for start-ups involves overcoming the lack of legitimacy and partnering with 

established incumbents accelerates the development of legitimacy (Eisenhardt & Schoonhoven, 

1990).  Second, firms which develop more, and better, connections increase their potential to 

develop future beneficial material connections (Gulati, 1999).  This occurs in part because of the 

previously noted increase in legitimacy, but also because of the tendency to develop mutual 

affiliations.  Having a mutual third-party connection accelerates accumulation of trust and 

hastens development of collaborative potential between partners (Uzzi, 1997).  Thus, the more 

connected firm also has more potential for mutual third-party contacts with future affiliations.  In 
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effect, the better connected firm is positioned to screen and choose partners and becomes a 

'partner maker' while the less optimally connected firm is forced to accept any willing partner 

becoming in effect a 'partner taker.'  Third, the more connected firm develops better capacities 

for collaboration.  During each instance of inter-firm connection, firms learn processes which are 

brought to bear in future inter-firm relations (Lorenzoni & Lipparini, 1999; Nahapiet & Ghoshal, 

1998).  The largest benefit of a firm’s social learning accrues specifically between it and its long-

term partners, manifesting as the relational capital between those two firms.  The fourth benefit 

of access is related to the relational capital concept in that, firms which are more experienced 

with IOR develop relational capabilities which accelerate development of future inter-firm 

connections (Dyer & Singh, 1998). To summarize, well-connected firms are preferred business 

partners because of their legitimacy dividend, their ability to screen and select future partners, 

and their accumulation of relational capabilities. 

The trend in the literature has been towards understanding how past collaborations 

provide benefits at the firm level (Gulati, 1998).  We recognize that the past affiliations of a firm 

influence the emergence and development of capabilities.  We further recognize that affiliations 

of the firm influence its opportunities for future collaborations.  However, we know very little 

about how these capabilities and opportunities play out in the performance outcomes of a 

specific collaboration.  Indeed, while the effect of collaborations on the firm is well documented, 

the output of firm-to-firm collaboration remains “one of the most interesting and also one of the 

most vexing questions  (Gulati, 1998, p.  309). 

If indeed specialized firms engaging in embedded relationships represent the emergent 

logic of 21st century business, researchers need to examine both the impact of collaboration on 

the collaborating firms but also the impact of the collaborating firms on the collaboration itself.  

This raises several interesting research questions.  How does the current capability set of a firm 
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contribute to the output of collaborative action?  How does the configuration of abilities between 

two collaborating firms influence the output of their collaboration?  How does the nature of the 

collaborative action itself influence the contributive function of each firm’s capabilities on the 

collaborative output? Similarly, how does the nature of the collaborative action impact the 

contribution of the relational configuration of the collaborating firms on the output of the 

collaboration?  

 The simplicity of the questions posed masks the complexity entailed in resolving them.  

The task specified requires examination of the outcomes of interfirm activity, which clearly fits 

within Gulati’s “most interesting, yet vexing” challenge.  While research has identified the 

effects of IOR on firms, the process of evaluating IOR output itself remains problematic for at 

least five significant reasons. 

First, what constitutes IOR?  Firms engage in a number of cooperative and competitive 

interorganizational relations.  Cooperative IOR activities range from informal to formal.  

Informal activities include such behaviors as joint membership in professional/industry 

associations.  Formal IOR’s typically involve some form of contractual relationship between 

firms and may involve such diverse activities as supply chain partnering, joint ventures, and 

strategic alliances.  The nature of each of these types of collaborative IOR changes the focus of 

the IOR collaboration which complicates evaluation of successful IOR output. 

Second, even within a given type of collaborative IOR activity, what constitutes success 

raises a unique challenge.  Should the success measure reflect a firm level outcome or a dyadic 

outcome?  Much of the current literature examines firm specific outcomes; some of these 

beneficial firm outcomes have been previously listed.  However, firm specific outcomes may 

differ greatly for each partner in a collaborative activity.  One partner might gain much while the 

other partner gains little or even suffers losses.  It is recognized that in some ‘competitive’ 
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collaborative relationships, the partnered firms are actually in a ‘race to learn,’ each striving to 

learn the secrets of the partner while sacrificing few of their own secrets (Hamel, 1991).  It 

would seem though, that while examination of firm specific outcomes is important, it fails to 

capture the spirit of the meta-capability of collaboration.  For the collaborative IOR, the outcome 

measure should logically focus on the collaborative output, not a firm-specific output.   

Researchers recognize this and some effort has been made to evaluate ‘dyadic’ or 

‘relational’ outcomes from collaboration.  One such performance metric has been the duration, 

continuance, or termination of the IOR itself (Gulati, 1998).  However, this represents the third 

challenge of collaborative IOR research.  The duration of the IOR does not necessarily reflect the 

success of the IOR.  Some successful IOR’s may end relatively early with most or all of their 

objectives met while other dysfunctional IOR’s may persist indefinitely.  Thus, while a temporal 

measure represents an ‘easy’ metric, it likely answers a research question distinct from 

collaborative success. 

Another output metric, innovations, represents the fourth challenge facing IOR 

researchers.  Since the collaborative IOR maximizes ‘economies of scope through joint efforts,’ 

a natural extension of IOR output research emphasizes the innovative outputs themselves.  Such 

research typically examines patents as an outcome measure of collaborative action and network 

emphasis includes past collaborations as an antecedent to patent output in a firm level format as 

well as patent citation networks in a network analytic format (Ahuja, 2000a; Baum et al., 2000; 

Shan & Walker, 1994).  The emphasis on patent count though raises an interesting question; does 

quantity of innovative output or quality of innovative output matter more from a ‘success’ 

standpoint?  Should a collaboration which produces dozens of minor innovations represent a 

‘better’ outcome than a collaboration which produces a significant advance?  Driven by the 

magnitude of the problem and the typically more ready availability of count data (patent counts, 
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product counts, etc.), the trend in the literature has overemphasized quantity over quality while 

generally recognizing that both are worthy of study.   

The fifth challenge of addressing IOR success involves the environments the IOR 

operates in.  Environmental complexity is a compelling topic of interest for organizational 

scholars and we generally recognize that optimal firm specific configurations differ with 

environmental stability.  Less complex environments, be that through munificence, uncertainty, 

or complexity, are generally thought to favor the mechanistic organization while dynamic 

environments favor more organic, malleable forms (Eisenhardt & Martin, 2000).  While these 

findings are firm-specific, evidence suggests that the logical IOR form itself may vary similarly.  

Less complex environments favor deeply embedded, formal, and specialized IOR relations; 

however these same relations may become disadvantageous during periods of sudden and/or 

persistent change.  Dynamic environments favor IOR forms which are collaborative and lever 

complementary capabilities (Castilla, Hwang, Granovetter, & Granovetter, 2000).  Even in 

environments as dynamic as software development though, we remain uncertain how radical or 

discontinuous environmental change impacts the ‘optimal’ complementary configuration of the 

IOR (Nambisan, 2002). 

The point of the preceding paragraphs is to address the magnitude and complexity 

inherent in IOR research.  Indeed, the quandary facing researchers is not that there is a single 

‘right’ configuration or approach for IOR study, but rather that virtually every possible 

configuration of the options previously identified are important areas for research.  Further, there 

are likely qualitatively different findings and recommendations which will emerge from some of 

these configuration potentially obstructing or delaying a grand theory of IOR.  Unraveling 

Gulati’s ‘vexing yet promising’ challenge therefore begins by identification of a starting point 

which solidifies the configuration of IOR of interest to the researcher. 



   

7 

Currently researchers recognize the increasing importance of IOR research, yet our 

performance metrics generally remain entangled in our atomistic, reductionist, firm-specific 

traditions.  In order to understand collaborative outputs, we must utilize analytic approaches 

which embrace interdependency.  Addressing the gap in the literature related to the performance 

of collaborations requires embracing the problem at the appropriate level of analysis.  If the area 

of interest is truly on the output of collaboration, the nature of the analysis is dyadic, not firm 

specific. Recently it has been argued that using external rater quality represents an intriguing 

opportunity to address the quality of innovative outputs (Brews & Tucci, 2004).  To the extent 

that the output is a collaborative, the rating of the output is effectively an evaluation of a dyad, 

not specifically a unique evaluation of either collaborative actor.  A network design with 

evaluation of dyadic outputs offers the opportunity to appropriately study this new competitive 

meta-capability. 

For purposes of this dissertation, the emphasis is on the collaborative output of dyadic 

IOR.  This will involve IOR environments where partners come together for a specific, concrete 

project which has an observable and expected termination date.  Such industry contexts are 

commonplace in modern business, for instance - large construction (commercial, civil, and 

residential), large credit projects such as residential and commercial mortgages, electronic media 

(computer software, television shows, motion pictures and video games), capital markets (IPO’s 

and bond issuances), and international shipping such as ocean transport (Tukel & Rom, 1998).  

In each of these types of situations, the ‘product output’ is actually the ouput of two or more 

firms coming together for the duration of the activity.  Once that specific project ends, some of 

these firms repeat interaction in other projects and may have separate projects running 

concurrently with different mixes of partners.   
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In these settings, the project output itself can be evaluated as success or failure using 

some industry-relevant standard.  This dissertation demonstrates that this interactive process, or 

structuration of a population, explains important outputs for the members of that population 

(Giddens, 1984).  Our theories inform us that the configurations of firms should contribute to the 

successful output of these ventures and these specific types of environments provide a useful 

medium to empirically test theory.   

Further, to the extent that these industries experience discontinuous changes researchers 

may have opportunities to observe project production in both standard and replacement 

technology formats (Christensen, 1998).  Examples of such changes include the introduction of 

digital film-making, computer generated imagery (CGI), changes in lending laws (such as the 

introduction of home equity lending in Texas) and introduction of new software or hardware 

platforms (such as the movement from DOS to Windows 95).   

 

Statement of Purpose 

The purpose of this dissertation is to investigate the relationship between firm and partner 

capabilities and the output of collaborative product development.  These relationships are 

investigated during the introduction of a disruptive technology into the focal industry; as such a 

secondary purpose of this dissertation is to examine the extent to which higher performing firm 

and partner configurations are similar or dissimilar when moving to a new technology.  The 

primary questions addressed in this dissertation are: 

1. How does the capability set of each partner contribute to the success of the 
collaborative output? 

2. How does the social capital of each partner contribute to the success of the 
collaborative output? 

3. How does the relational capital between the partners contribute to the success of 
the collaborative output? 
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4. How does the capability complementariness of the partners contribute to the 
success of the collaborative output? 

5. How does the relative complexity of the project alter or modify the dyadic or firm 
specific contributions to the success of the collaborative output? 

 

Importance 

The industry setting for this study is detailed in chapter 3.  The setting chosen allows 

examination of collaborative IOR engaging in joint product development and operating in an 

environment experiencing discontinuous change.  This research promises several contributions.  

Foremost in this is the anticipated ability to model the relationship between firm experience 

(both product and social) and the success of the external evaluation of jointly developed 

products.  In this manner, this dissertation offers the potential to address one of the more vexing 

problems currently facing researchers interested in inter-firm activity.  Second, practitioner 

prescriptions are anticipated to emerge from this study.  Such prescriptions are likely to entail the 

development of guidelines for partner selection during periods of disruptive technology.  Third, 

academic value is expected via the bridging of the innovation and dynamic capability literature 

along with increased understanding of the contingent nature of firm social capital. 

Definitions and Terms 

A number of specific terms are used in this dissertation.  While a thorough discussion of 

the meanings of constructs and measures appears in chapter 3, an overview of the dominant 

terminology used throughout this dissertation is provided as a reference point for interpretation 

of subsequent chapters. 

Capabilities – Capabilities represent the manifestation of the current experience set of the 

firm.  Effectively, a firm is thought to have a capability to reproduce to varying degrees, those 

things which it has recently produced.  This is a reflection of the organizational process itself, 
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firm’s exist to reify and recreate themselves which is believed to include both immediately past 

form and past functions.  It is recognized that this process is iterative and dynamic and that the 

current capabilities of a firm more closely resemble its recent outputs than outputs from its 

distant past. 

Disruptive technologies – Technologies are generally recognized as the method of 

conversion through which firms change inputs to outputs.  This generally includes physical 

hardware, organizational form, and production processes.  Disruptive technologies represent the 

introduction of a new technological form which eventually replaces its predecessor.  Disruptive 

technologies are so named because the capability set required to optimally function in the new 

technology typically differs categorically from that of its predecessor.  Because of this, 

organizations face significant learning challenges while moving from a prior technology to the 

replacing disruptive technology. Generally, the disruptive technology and the technology it 

eventually replaces coexist for a period of time as firms gradually transition to the new 

technology.  During such times, firms may utilize one or both of the new technologies. 

Firm social capital – The concept of firm social capital reflects influences and benefits a 

firm accrues through all of its extra-organizational activities.  It is believed that, through extra-

organizational activity, firms (and individuals) develop resource pools which provide future 

advantages.  A variety of resources benefits are associated with social capital – new market 

information, technology innovation ideas, assistance interpreting environmental phenomenon, 

and standards for conduct and performance represent some of these possible benefits.  

Researchers interested in firm social capital typically focus on the structural configuration of the 

firm’s external contacts.  This includes both the local centrality (number of external firm 

relations a given firm may draw from), closure (extent to which a firm’s external connections are 
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themselves interconnected), and brokerage (extent to which the firm mediates unique paths 

between otherwise unconnected firms). 

IOR – Researchers frequently use the term inter-organizational relationship as a catch-all 

term utilized to address the breadth of possible interactions between two firms.  Specifically 

within this dissertation, the term IOR refers to the joint, collaborative activity between at least 

two firms engaged in the development of a specific project. 

Relational capital – Relational capital represents the shared experiences between the two 

partners engaged in IOR.  Typically, relational capital researchers focus on both the breadth and 

depth of the relationship.  Breadth generally refers to the extent of capability overlap between the 

partners while depth generally refers to the temporal history between the firms.  Specifically 

within this dissertation, depth refers to the number of past interactions between these two 

specific partners. 

Relative complexity – As firms leverage of their current capability set in the pursuit of 

endeavors, some action choices are easier to execute than others.  The extent to which the current 

endeavor closely relates to the current capability set of the firm is believed to improve the 

efficiency of the endeavor and increase the general success of the endeavor.  Conversely, the less 

related the current task is to present capabilities, the more relatively complex the process 

becomes.  Features which influence relative complexity in new product development include 

such diverse concepts as customer segment, product domain, product features and external 

linkages and licenses.  Should the firm have experience producing products mimicking the 

feature set of the current product, the product is considered relatively similar to past products.  

The fewer similarities existent however, increase the relative complexity of the project 

increasing overall likelihood of glitches and failures. 
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Preliminary Model 

This dissertation investigates the relationship between firm and partner capabilities and 

the outputs of their collaborative new product development projects.  It is my expectation that the 

social capital and specific capability set each firm brings to a project, along with the relational 

capital between the two collaborative partners, plays an important role in the success of their 

endeavor.  The relative complexity of the project, both based on the similarity of the undertaking 

to past projects as well as the complications arising from discontinuous technologies, is expected 

to play a contingent role in the success of these new product development projects.  This basic 

relationship is depicted in Figure 1.1, in which firm capabilities, social capital and relational 

capital are positioned as the constructs expected to play a role in the success of new product 

development.  Relative complexity is depicted as playing a moderating relationship, 

complicating the direct relationships of the primary research constructs and new product success. 

 

 

 
 
 
 
 

Social Capital 

Firm Capabilities 

Relational Capital New Product Development Success 
 

Relative Complexity 

Figure 1.1 – Basic Research Model 
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Overview of Sections 

The remainder of this dissertation consists of four chapters.  Chapter 2 provides a review 

of the literature for each of the constructs of interest in this study.  It concludes with a 

development of hypotheses and review of the full research model.  Chapter 3 provides an 

overview of the data collection methodology.  It includes discussion of the use of archival time 

series data, industry sample, and operationalization of the constructs of interest.  Chapter 3 

concludes with an examination of the data and discussion of its distribution and appropriateness 

for subsequent analysis.  Chapter 4 details the various models used to analyze the data and test 

each hypothesis.  Chapter 5 contains a discussion of the research findings, implications for 

academics and practitioners and suggestions for future research. 
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CHAPTER 2  
 

LITERATURE REVIEW 
 

This chapter consists of four primary sections which include discussions of social capital, 

firm capabilities, projects and development of research hypotheses.  While relational capital is 

depicted in Figure 1.1 as distinct from social capital, I demonstrate in the first section that social 

capital is itself an umbrella construct capturing structural and relational components of social 

capital.  The first section contains an overview and introduction to network theoretic concepts, 

review of structural capital theories and review of relational capital theories.  The second section 

contains an examination of firm specific capabilities.  This section develops discussion of the 

dynamic capability framework as an evolutionary perspective on firm capability development.  

Additionally in this section, absorptive capacity is utilized as an explanatory mechanism linking 

the period to period steps in evolution along the broad path of capability development expected 

in evolutionary theories. 

The third section of chapter 2 introduces the concept of new product development 

projects.  Projects are explored from the process and structural roots.  In this sense, projects are 

considered both a process to facilitate the development of new projects as well as an element in a 

portfolio of capability adaptation.  In this section I also examine key success factors for new 

product development projects and will note an important discrepancy between the way projects 

are evaluated in academic empirical studies and the way similar projects are evaluated by project 

management practitioners.  From this discrepancy, I build arguments for the method used to 

evaluate the success of new product development projects.  The section also includes a 

discussion of project complexity, which I expect complicates the ease of successful product 

development.  Relative complexity as a function of comparative similarity of projects and also as 

the introduction of disruptive technologies is introduced as a potential moderator altering the 
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direct relationships between the constructs of interest and their effect on the success of new 

product development projects. 

These first three sections provide the evidence supporting my research model and 

hypotheses.  The general flow of these sections consists of three elements.  First, each section is 

broken into dimensional components.  For instance, the relational component of social capital is 

discussed along dimensions of depth and breadth of relational capital, each of which are defined 

in their appropriate subsections.  Within the subsections for each dimension, the flow of the 

narrative begins with definitions and explanations of the dimensions.  From there I move to 

review of the theory building literature associated with this dimension.  In general these are 

studies which build theory from logic as well as literature summaries pulling together what is 

commonly accepted within this domain.  Following this, I catalogue the empirical research 

associated with each dimension.  This includes discussion of measurement and operationalization 

of constructs and general findings associated with such measurements.  I then summarize the 

theory building and empirical testing findings and extend my expectations as to how this 

dimension is anticipated to play out in terms of new product development projects. 

The final section of chapter 2 summarizes the chapter by main component and 

dimensions of each main component.  From this, I develop the detailed hypotheses used in this 

study.  A more detailed research model is provided in this final section as well as a table of 

hypotheses and predicted relationships. 

 

Social Capital 

This section introduces the topic of social capital and reviews literature pertaining to 

firm-level social capital.  The term social capital obviously invokes the concept of capital.  

Miriam-Webster’s online defines capital as “a stock of accumulated goods especially at a 
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specified time and in contrast to income received during a specified period; also  the value of 

these accumulated goods” and notes the role of capital in the production function as 

“accumulated goods devoted to the production of other goods,” or “accumulated possessions 

calculated to bring in income (Webster's, 2007).”  Possession of capital is considered both a 

source of wealth and benefits in that capital is also “net worth, stock, persons holding capital, or 

a store of useful assets or advantages.”  With the emphasis on capital as a form of wealth and its 

applicability in deployment for the purposes of attaining more wealth, capital has a long history 

of interest to business scholars.  Particular forms of capital which have generated interest include 

physical, financial, organizational, human and more recently social capital. 

Social capital itself reflects the adage ‘it’s not what you know, but who you know.’  “In 

the most general terms, the concept (social capital) is about the value of connections”  (p. 993). 

(Borgatti & Foster, 2003).  Social capital theory builds from a rich tradition of sociology 

research and traces its lineage from Durkheim’s conception of human action embedded in social 

context (for a more thorough treatment, see (Giddens, 1971).  Durkheim argued that all human 

action was a function of the social environment, with the social environment itself influenced by 

the actions of individuals.  Social forces of regulation and affiliation provided individuals with 

standards of action and social identity which form the basis of individual perception and action.  

Durkheim further argued that regulation and affiliation generally pull towards equilibrium, but 

that periods of imbalance occur.  Imbalance may occur through too much or too little of either 

(or both) regulation and affiliation and that states of lawlessness, or anomie, emerge as 

imbalance grows.  Individual response to anomie (characterized initially as suicide) gradually 

reduced the disequilibrium pressures and eventually restored social balance. 

The core aspect of a social-systems view of action, though, is that actors exist in social 

context.  This context creates meaning which ultimately influences interpretation and behavior.  
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In general, social context pulls towards conformity.  However the very process of encouraging 

conformity generates imbalances (or voids) enabling free action.  Through this dynamic process 

of conformity and free action, actors are both the products and the creators of the social 

environment they occupy (Granovetter, 1985).  This process has been articulated as structuration 

theory in which human action is viewed as both the input and the output of social structure 

(Giddens, 1984).  While it is possible to over-emphasize the deterministic aspect of structuration, 

the true value of this stream of thinking is its inherent embrace of dynamic social systems which 

make, and unmake, themselves. 

Such dynamic theories of social action have rich traditions in both sociology and 

anthropology.  Within the business literature, the interest is more recent.  In large part, early 

business research emphasized internal processes and administration, generally treating the 

external environment in abstraction and exogenous.  The emergence of systems theory (von 

Bertalanffy, 1968) and its application in organizational research (Thompson, 1967) invigorated 

interest in socially embedded economic action (Granovetter, 1985) and dynamic, evolutionary 

economic systems (Nelson & Winter, 1982).  Early calls for application of social modeling in 

business research extend back several decades (Tichy, Tushman, & Fombrun, 1979), but the 

field itself has achieved mainstream status fairly recently.  Currently, interest in socially 

embedded research abounds and applications of social capital models appear in a variety of 

academic publications emphasizing social structural explanations for individual, group and 

organizational outcomes (Borgatti et al., 2003; Brass, 1995; Brass, Galaskiewicz, Greve, & Tsai, 

2004; Kilduff, Tsai, & Hanke, 2006). 

At the organizational level, a diverse array of outcomes are associated with various 

conceptions of social capital.  Social capital has been used to explain conformity, particularly 

emphasizing adoption of organizational forms (Palmer et al., 1993), spread of poison pill 
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practices (Davis et al., 1997) and adoption of business level strategies (Greve, 1996).  Social 

capital has also been utilized to explain emergence of research innovation (Ahuja, 2000a; Baum 

et al., 2000; Shan et al., 1994), new product introduction (Nicholls-Nixon & Woo, 2003) and the 

emergence of new alliances and partnerships (Gulati, 1995; Gulati & Higgins, 2003; Tsai, 2000; 

Tsai & Ghoshal, 1998).  Social capital explanations have also been offered for firm performance 

(Florin, Lubatkin, & Schulze, 2003), growth (Baum et al., 2000) and survival (Miner, Amburgey, 

& Stearns, 1990).  While such outcomes are clearly ones of interest to business scholars and 

practitioners, the fact that social capital may itself explain both mimetic and creative processes is 

somewhat perplexing and, at a glance, paradoxical.  One criticism of social capital research is 

that it appears to offer an explanation for everything under the umbrella of a single construct. 

A second complication of social capital research involves disagreement within its theory 

canon.  Questions emerge as to whether various core theories of social capital are 

complementary or conflicting.  To illustrate, four core social capital theories developed 

respectively by Coleman, Burt, Granovetter and Krackhardt are offered.  Coleman 

conceptualizes social capital emerging from interconnected networks of individual’s who engage 

in repeated interaction over prolonged periods of time.  These dense networks offer mechanisms 

for trust and reliability and provide sources of assistance and support for the members of such 

networks (Coleman, 1988).   

Alternately, Burt’s structural hole theory argues that such dense, interconnected networks 

are redundant and exhausting.  Maintaining multiple contacts taxes individual energy and 

redundant contacts (i.e. those who interact) provide identical benefits (Burt, 1995).  Maximum 

social capital under Burt’s conception occurs by reducing or eliminating the redundancy of one’s 

contacts, leading to access to diverse information and the ability to broker social exchange. 
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Granovetter focuses not on the interconnectedness of others, but on the quality of 

exchange between parties.  He argues that weak ties provide access to new and novel outcomes 

while strong ties provide assistance and support (Granovetter, 1973, 1982).  Under this 

conception, there are at least two pools of wealth accumulating under the social capital construct.  

Creative, or novel, information flows accumulate through weak ties while supporting and 

conforming flows accumulate through strong ties.  The emphasis though is on the quality and 

type of relation, rather than a structural accumulation of social capital. 

Returning to a structural explanation of social capital, Krackhardt offers a caveat to 

Burt’s non-redundancy thesis.  Addressing the structural case of mutual third party contacts, or 

Simmelian ties, Krakhardt argues that mutual third’s actually increase social constraint 

(Krackhardt, 1999; Krackhardt & Kilduff, 2002).  Particularly in cases where an individual is a 

member of numerous Simmelian triads, pressures to conform to divergent expectations may lead 

to social paralysis.  Thus, even though structural redundancy appears low, constraining forces 

increase.  While membership in a single Simmelian triad provides benefits beyond those of 

strong ties and dense networks, membership in multiple triads results in less ability to leverage 

social capital. 

Given the nature of capital as a means of generating and leveraging wealth, one might 

expect more social capital to yield both more wealth and improved ability to leverage that 

wealth.  However, consideration of the preceding dilemmas in social capital theory suggest that 

such a statement is, at best, a vast oversimplification.  Indeed, more of a given conception of 

social capital provides more of one benefit while seemingly reducing, or eliminating another 

benefit.  For example, a dense network of interconnected actors (Coleman social capital) 

provides an ideal environment for deep, trusting relationships, efficient interaction and mutual 



   

20 

assistance but comes at the cost of increased pressures for conformity and a potential dearth of 

novel information as would Burt’s structural holes or Granovetter’s weak ties. 

Various researchers have commented on the paradoxical outcomes attributed to social 

capital causes.  In his initial definition of social capital, Coleman (1988) also introduced the 

fungibility paradox.  That is, “a given form of social capital that is valuable in facilitating certain 

actions may be useless or even harmful for others (pg. 98)”.  A number of other researchers 

comment on the paradoxical nature of social capital (Granovetter, 1985; Hill & Rothaermel, 

2003; Nahapiet et al., 1998).  It is generally recognized that social capital is of a contingent 

nature (Burt, 1997) and that much of the confusion caused by social capital paradox is largely an 

outcome of the pooling of diverse research streams into the social capital construct (Borgatti et 

al., 2003). 

Social network analysis (SNA), social support and institutional literatures each contribute 

theory to the social capital literature and the divergent interests and focus of each explains the 

various manifestations and predictions of social capital research.  Social network analysis draws 

heavily upon graph theory and positions actors in networks and uses the social contact (or lack 

thereof) between actors to provide topographical depictions of social flow (Scott, 2000).  SNA 

provides a number of structural measures of access and constraint both for the actors within the 

network as well as for the network itself.  Under this body of research, actor (and network) social 

capital benefits accrue based on the positioning of actors as well as the relative structural 

positioning between actors. 

Social support literature focuses on the type of interaction network, which may or may 

not include examination of structural aspects (Granovetter, 1973, 1982).  In a social support 

context the type of contact, such as an advisory or emotional support contact, provide specific 

benefits to the actor.  Social capital benefits accrue through the quality of such networks; having 
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an emotional support network offers benefits to entrepreneurs while an advisory network may 

provide cues for behavior during periods of dilemma (Bruderl & Preisendorfer, 1998; McDonald 

& Westphal, 2003).  The quality of a social support network is conceptualized in different ways, 

including quantity of strong or weak ties, proximity to advisors, frequency of interaction, and 

simple perception of support. 

Institutional theory embeds actors in a social context governed by institutionalized codes 

of behavior (DiMaggio & Powell, 1983; Meyer & Rowan, 1977; Scott, 1987).  Actors accrue 

legitimacy through mimetic isomorphism.  Further, legitimacy and access may accrue by signal 

of acceptance from actors already holding status within the system (Deephouse, 1996).  Under 

this framework, social capital benefits accumulate through inclusion either by connection to 

status-conferring actors or by recognition or nomination from status-conferring actors. 

While the scope of social capital literature is quite broad, various methods to categorize 

this literature have been offered, two of which are reviewed here.  Hagedoorn has offered a two 

component explanation of social capital while Koka and Prescott offer a three-factor structure of 

social capital (Hagedoorn, 2006; Koka et al., 2002).  Each of these conceptions blend together 

the three divergent literature streams and help unravel the relative benefits of various types of 

social capital.   

Hagedoorn (2006) defines two specific aspects of social capital, structural and relational.  

Structural capital consists of the connections and interconnections of actors.  Generally, 

structural capital measures arise from social network analysis and two specific attributes are 

associated with structural capital.  Access reflects the degree of contact an actor has within a 

network and is generally associated with the transmittal speed of information flows.  Constraint 

alternately reflects interconnectedness of actors.  High levels of constraint are generally 

associated with fine-grained, albeit redundant information while sparse networks generally 
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provide access to new and novel information.  Taken together, access reflects speed and 

likelihood of transmittal while constraint estimates whether novel or fine-grained information is 

transmitted. 

The second aspect of Hagedoorn’s (2006) conception of social capital involves the 

relational side of social capital.  While structural capital emphasizes existence of ties, relational 

capital focuses on the depth and breadth of each tie.   Depth of ties emphasize the duration of 

interaction, frequency of interaction, and repetition of interaction between two actors.  Increased 

depth is analogous to early studies of strong ties, which are generally considered more trusting, 

more helpful, and more efficient relationships. 

Breadth of ties focuses on the similarity between the two actors.  Actor similarity, or 

homophily, is generally associated with attitude similarity.  Increasing the number of dimensions 

of similarity is positively associated with increasing levels of attitude similarity.  Further, 

heightened levels of similarity accelerate the learning process between two actors leading to 

more rapid achievement of efficiency of interaction.  Alternately, dissimilarity, or diversity, in 

attributes between connected actors is associated with the ability to combine and recombine 

knowledge in new and novel ways.  Connections between diverse actors are associated with 

breakthrough innovations, radical innovations and the emergence of discontinuous technologies.  

However, while diversity appears to be an important source of creativity, the absorptive capacity 

of two actors is constrained by the level of similarity between the actors.  Thus, increasing 

diversity, to a point maximizes creativity while maintaining enough absorptive capacity to yield 

learning benefits.  Following this inflection point, the differentiation is so great that disconnect 

and misunderstanding negates the creativity dividend of diversity. 

In contrast to Hagedoorn, Koka and Prescott (2002) offer a three-factor structure for 

social capital and provide evidence that social capital is a second-order factor comprised of 
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underlying latent factors.  The underlying factors include information volume, information 

diversity and information richness.  Information volume consists of the general access an actor 

has within a network, placing it firmly within Hagedoorn’s (2006) conception of structural 

capital.  Information diversity contains both the constraint, measured by mutual interaction, of an 

actor’s network as well as the total level of dissimilarity between all of the contacts with whom 

an actor directly interacts.  While the first portion of this is clearly part of Hagedoorn’s structural 

component, the second is a reflection of the aggregation of what Hagedoorn considered relational 

capital.  Informational richness consists of the duration, strength, and strategic overlap between 

actors which generally concurs with Hagedoorn’s conception of the relational aspect of social 

capital.  Koka and Prescott’s (2002) findings are, therefore, largely consistent with Hagedoorn’s 

position with the exception involving the treatment of diversity.  Koka and Prescott place dyadic 

diversity within the same conceptual space as Hagedoorn’s relational capital while noting that 

aggregation of diversity, or network homophily, aligns with structural measures of constraint. 

Given the general agreement between these two theories of social capital, Hagedoorn’s 

conception of social capital shall provide the framework for the following subsections.  The 

emphasis of Koka and Prescott’s conception is on information flow while Hagedoorn’s emphasis 

is on the nature of the relation.  Because this study is primarily concerned with the benefits and 

constraints associated with patterns of relational activity, Hagedoorn’s classification offers an 

elegant and relevant model for consideration.  Therefore, for this study, social capital is treated 

as containing both structural and relational components.  The structural segment of social capital 

is developed around concepts of access (volume in Koka and Prescott) and constraint (diversity 

in Koka and Prescott).  Relational capital is developed around depth (frequency and duration) 

and breadth (relative absorptive capacity and diversity) at the dyadic level, consistent with both 

conceptions of social capital.  Theory development and empirical findings from social network 
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analysis, social support, and institutional theory are catalogued within structural and relational 

segments. 

Three subsections follow which build the social capital logic applied in later hypotheses.  

The first subsection consists of an overview of social network analysis.  This provides a field 

overview as well as examination of the various mechanics used to represent network action.  In 

addition, a discussion of the underlying assumptions of various network calculations and analytic 

techniques is provided.  The second subsection provides an examination of theoretical and 

empirical work in the pursuit of structural explanations of social capital.  This includes access 

and constraint oriented approaches and common findings associated with each.  The third section 

details theoretical and empirical work examining relational aspects of social capital.  This 

includes depth and breadth estimates of dyadic relations along with common findings associated 

with each.   

 

Social Network Analysis 

Social network analysis (SNA) refers to a distinct approach to research bridging several 

disciplines.  These studies typically emphasize the interconnectedness of things and diverge from 

traditional atomistic-emphasis research.  At their core, SNA studies recognize their research 

subjects as embedded in social systems which provide opportunities for and constraints against 

action.  This work builds largely off research traditions of Durkheim and Simmel, the current 

theory base extends primarily from Giddens structuration theory (Giddens, 1984), Granovetter’s 

theory of weak (and strong) ties (Granovetter, 1973, 1982), Granovetter’s theory of 

embeddedness (Granovetter, 1985), and Coleman’s conception of social capital (Coleman, 

1988).  Within management, interest in the field stems from Burt’s theory of structural holes 

with noted contributions from Brass, Krackhardt, Borgatti, and Uzzi (Borgatti, 2005; Brass, 
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1984, 1992; Burt, 1995; Krackhardt et al., 2002; Uzzi, 1997; Uzzi & Spiro, 2005).  The SNA 

research program consists of both qualitative and quantitative empirical work and includes field, 

laboratory experiments, and simulation study approaches. 

The principle property underlying all network studies is the social network.  Networks are 

built off graph-theory principles and include a set of nodes and edges.  Nodes consist of the units 

comprising the network and are typically referred to as ‘actors’ within SNA research.  Edges 

comprise the lines which connect the nodes and are generally referred to as the ‘ties’ between the 

‘actors.’  For a given population of actors the array of ties, and lack of ties, between its member-

actors provides a structural network map of the population of interest (Marsden, 1990; Scott, 

1987). 

The term ‘node’ or ‘actor’ is level neutral in traditional research level terms.  While the 

propensity of social science research ranges from micro to macro in the movement from 

individuals to aggregated groups, network research does not neatly fit within standard 

conceptions of level for two significant reasons.  The first reason is that a network study is 

inherently cross-level.  It is micro in the sense that individual actors are modeled, meso in the 

sense that dyadic and group processes are modeled in affiliations, and macro in the sense that 

entire population of actors may be simultaneously modeled and that properties of different 

population’s networks may be compared (Borgatti et al., 2003).  The second difference is that 

“structural explanations are much more likely to scale than are individualist or essentialist 

explanations” (Borgatti and Foster, pg. 1001).  Networks are means of depicting populations of 

actors; however those actors may themselves represent manifestations of what are typically 

thought of as different levels of analysis in traditional social science research.  The nodes of a 

network may represent individual people, groups of people, organizations, or even geographic 

locations such as farms or cities.  The key to the network is that all nodes within a network must 
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manifest at the same level, but the general analytic and explanatory mechanisms employed apply 

and are supported in studies across the various traditional research levels (Brass, 1995; Brass et 

al., 2004). 

Within network analysis, level takes on a subtly different meaning.  The level of a 

network analysis generally refers to the type of analysis conducted on the population (Contractor, 

Wasserman, & Faust, 2006; Hagedoorn, 2006; Parkhe, Wasserman, & Ralston, 2006).  Studies 

which focus on outcomes or properties of the nodes of a network are referred to as monadic or 

actor oriented studies.  Related to the monadic studies are studies which emphasize properties 

associated with an individual node and its relation to its direct ties, also known as its first-order 

ties.  In these situations, the focal node is referred to as the ego and its direct connections are 

referred to as alters.  Studies of this type are generally referred to as ego network studies.  

Studies which focus on relational outcomes between two actors are referred to as dyadic 

analysis.  Studies which focus on outcomes for the population or subsets of the population are 

referred to as network level and may involve comparisons between different network populations 

or different subsets of actors within a single population. 

The network map illustrates the connections between the various actors in a network 

(Borgatti, 2005).  Any two actors connected by an edge share a ‘tie.’  If we consider two actors 

who are not directly connected, but are indirectly linked through other actors, several terms may 

be used to describe these indirect linkages.  A ‘walk’ involves any possible linkage between the 

indirectly connected actors and allows for nodes to be visited more than once.  A ‘trail’ involves 

a movement between the two actors for which no specific link is repeated.  A ‘path’ between two 

actors involves a movement through which neither node nor link is repeated.  Finally, a 

‘geodesic’ is the shortest possible path between the two actors.  While all of these structural 

mechanisms depict methods of movement from one node to another, geodesics also indicate the 
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distance between two actors. 

The relationship between walks, trails, paths and geodesics is perhaps best understood 

with an illustration.  For reference, consider the actors in Figure 2.1.   

 

This depicts a hypothetical seven-node network with each actor given a unique letter designator.  

For illustration, I will discuss the various routes by which actor A can ‘reach’ actor F.  A walk 

between A and F could follow the links between A-B-C-B-E-D-G-F.  Eventually whatever moves 

from A via a walk reaches F, but a number of actors (B is repeated twice) and edges (B-C is 

repeated as C-B) may be repeated.  A trail between A and F consists of A-B-D-G-B-E-G-F.  In 

the trail example, both B and G are repeated actors, but the edges accessing B and G are each 

only used once. 

A path consists of a route between two actors for which neither actor, nor edge, are 

repeated.  Returning to Figure 2.1, three distinct paths exist between A and F (A-B-E-G-F; A-B-

G-F; A-B-D-G-F).  In each instance, the actors and the edges are only traversed a single time.  

Of these three paths, only one geodesic exists.  A geodesic represents the shortest path between 

two actors.  Thus in this example, the only path between A and F which meets the requirements 

of a geodesic is A-B-G-F. 

A 

B 

E 

G 

D 

F 

C 

Figure 2.1 – Walks, Trails, Paths and Geodesics 
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SNA research recognizes that actors may be tied together through a number of different 

social processes.  Focusing on organizational level ties, types of ties may range from affiliation 

in associations, interlocking directorates, past and current alliances between firms, movement of 

key employees between firms, or even geographic proximity (Brass et al., 2004).  Network 

research generally examines both the connection of each actor to the network as well as the 

topographic configuration of the network itself.  Further, network research typically emphasizes 

the bi-causal nature of social interaction.  Effectively, networks can be visualized as the 

outcomes of a past series of interactions and yet represent the antecedent condition to future 

actions of the same population (Borgatti et al., 2003). 

Ties between actors are of interest to SNA research because of the resources which flow 

between actors.  Some examples of the types of resources flowing between connected firms 

include information, expertise, physical, financial, human, and interpretation.  Flow between 

firms has been linked to outcomes such as innovation, legitimization, and problem solving.  

From a technical standpoint, the nature of the resource determines the relevant flow mechanism 

(Borgatti, 2005).  Borgatti identifies two dimensions of flow which separately evaluate the 

trajectories and methods applicable.   

The trajectory dimension focuses on the stepping mechanism typical of the flow 

(geodesics, paths, trails, and walks).  This results in a distinction between flows which typically 

follow either short or discreet movements (i.e. geodesics or paths) as compared to those which 

may traverse varied steps between actors (i.e. trails and walks).  The second dimension, method, 

describes whether the resource must move in serial as a discreet object (such as a package) which 

generally leaves the sender as it moves to a receiver or whether the resource may be replicated 

and move in parallel (for example, information).  Parallel transmission offers the possibility that 

both the sender and receiver retain the resource and also offers the possibility that multiple 
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incarnations of the resource might exist simultaneously.  The typological combinations suggested 

by Borgatti consists of serial-short path transfers such as physical asset transfers, serial long-path 

transfers such as problem solving or interpretation, parallel short-path transfers typical of 

exchange of capabilities, and parallel long-path transfers such as industry standards.  Borgatti 

argues that the nature of the resource transmittal determines the applicable configurational 

theories relevant to the study.  Borgatti’s classification omits an important dimension related to 

the polymorphic consistency of the resource.  I will discuss polymorphic consistency later in this 

chapter. 

The tension between free action and constraint manifest in the various theories and 

mechanisms associated with centralization and embeddedness (specific measures and 

applications for both appear later in this section).  Centralization generally emphasizes the reach 

a given actor has to other actors in the network while embeddedness typically refers to the extent 

of interconnectedness of an actor’s ego network or the network itself (Scott, 2000).  In general, 

networks are conceptualized both as the pipes through which resources and opportunities 

traverse as well as the webbing by which social structures reinforce standards (Borgatti, 2005).  

Networks are conceived both as the outcomes of the actions of actors as well as the environment 

influencing the actions of those same actors, thus network research takes a structuration 

perspective on individual actor action. 

Agency oriented theories generally emphasize the actor’s ability to influence the 

configuration of the network and positions actors as network-aware and optimizing (Burt, 1995).  

This includes the actor’s ability to build an array of strong ties which are typically close contacts 

relied on for problem solving and knowledge transfer (Hansen, 1999).  Additionally, the actor 

manages contacts to weak ties which are considered useful in information gathering and 
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boundary scanning activities (Granovetter, 1973).  Generally, these weak tie and strong tie 

contacts are coupled together and examined under the domain of centrality studies.   

Alternately, agency oriented studies also examine the embeddedness of contacts and 

emphasize the actor’s ability to negotiate structural holes (Burt, 1995).  A structural hole exists 

when the focal actor bridges the connection between two actors who are otherwise not directly 

connected.  In essence, by occupying the point between disconnected others, the actor gains the 

ability of brokerage.  Through brokerage, the actor gains intermediation benefits of resource 

flows between the otherwise disconnected pair as well as having the opportunity to play one 

against the other for self-benefit.  Structural hole examination falls under the domain of 

embeddedness studies, although aspects of structural holes are also captured in the centrality 

measures of betweenness. 

Not all network studies emphasize the agency potential of networks.  Structural 

determinism also manifests within network analysis under both centrality and embeddedness 

studies.  In essence, determinism captures constraints upon individual agency.  Within a network 

context, the social embeddedness of an actor frequently restricts the range of choices available to 

that actor.  These constraints may be contractual or formal obligations associated with the role(s) 

occupied by the actor but they may also reflect norms or practices common in a given setting.  

Two particular network concepts are generally used to depict situations where behavioral 

constraint intensifies.  The first concept involves the notion of density while the second involves 

cliques or simmelian ties.   

Density is a network measure which reflects the proportion of interconnectedness for a 

given set of actors (Scott, 2000).  It can be shown that for any given set of n actors, the number 

of possible dyadic connections is n(n-1)/2.  Taking the count of all ties manifest within a subset 

and dividing by the maximum possible provides a commonly used indication of density which 
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takes on a range from 0 (i.e. no connections) to 1 (i.e. complete interconnectedness).  

Researchers generally recognize that greater levels of density coincide with higher levels of 

social constraint while lower levels provide greater behavioral flexibility.  Burt’s structural hole 

theory is a reflection of benefits which accrue through density reduction.  However, fully dense 

networks are also associated with heightened levels of social support, leading to the recognition 

that there are benefits and constraints simultaneously accumulating in fully dense networks 

(Coleman, 1988). 

The second embeddedness argument reflects a special case of interconnectedness, 

specifically triadic cliques.  Triadic cliques, referred to as Simmelian ties, occur whenever three 

actors share reciprocated connections.  Simmelian ties are so named based on Simmel’s 

observation that social processes change fundamentally as one moves from a dyadic to triadic 

comparison (Krackhardt, 1999).  Adding a third party to a dyad brings about the possibility for 

coalition formation and is associated with generally reduced individuality and increased social 

constraint.  Simmelian ties are considered to represent the highest level of social constraint.  

Members of a Simmelian triad are typically able to build trusting relationships faster (Krackhardt 

et al., 2002; Larson, 1992; Oliver, 1990), however actors who maintain membership in multiple 

Simmelian triads may find themselves paralyzed by inertia when faced with moments of 

significant change (Krackhardt, 1999). 

 

Mechanics of Network Analysis 

Having reviewed the core properties and concepts associated with network analysis, a 

discussion of the mechanics associated with network analysis is in order.  There are three 

specific topics requiring address – sources of data and data collection, measuring properties of 

networks, and issues associated with analysis of network data.  As indicated previously, the 
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network research paradigm includes field studies, laboratory experiments, and simulations 

(Marsden, 1990).  For purposes of this dissertation, the primary emphasis lies in data collection 

approaches utilized in field studies.  The three standard approaches used for data collection in 

network field studies mirror those utilized in more traditional research – observation, self-report 

and archival. 

The general form of network studies entails characterization of an entire population of 

interest; be that Boston biotech firms (Owen-Smith & Powell, 2004), Canadian mutual fund 

companies (Zaheer & Bell, 2005), or the farms and ranches of Finland (Nyblom, Borgatti, 

Roslakka, & Salo, 2003).  Since the focus of the study involves recognition of the various others 

a given actor interacts with, it becomes important to capture a large percentage of the affiliations.  

Typically for network research this involves sampling 70% or more of the population, although 

simulation research suggests that the various network measures remain robust with as little as a 

50% sampling rate (Borgatti, Carley, & Krackhardt, 2006a).  With the exception of self-report 

ego network studies, which follow more traditional self-report standards, network research 

requires a much higher response rate, or observation rate, than general social science research.  

While sampling percentage requirements are significantly larger for network analysis, 

sample size can actually be much smaller while retaining high levels of power (Marsden, 1990).  

Since the general ‘level’ of network analysis is dyadic, relatively small samples of actors 

produce quite large dyadic samples.  Given that the number of potential dyads for a sample ‘n’ is 

n(n-1)/2, it follows that the number of dyads scale in a non-linear fashion.  Specifically, a sample 

of 5 produces 10 potential dyads, a sample of 10 produces 45 potential dyads.   Thus, while a 

network study might examine as ‘few’ as 40 actors in a population of firms, the number of dyads 

under analysis is actually 780 providing relatively high confidence for statistical analysis.  The 

challenge facing the researcher largely involves properly documenting the existing, and non-
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existing, relationships between the actors.  For reference, a depiction of unique dyads given a 

network of size ‘n,’ with between 1 and 50 actors for ‘n,’ appears in Figure 2.2.   

Figure 2.2 – Dyads as a Function of Network Size 

 

One approach used to capture relational samples involves direct observation.  Application 

of this approach varies by the type of study with possible examples including recording of 

attendance and seating patterns during committee meetings and attendance at a series of social 

functions (Freeman, 1992).  Current work by the U.S. government monitoring phone call 

affiliations to persons of interest represents a controversial application of observational network 

techniques.  In each case though, the researcher builds a listing of actor to actor affiliations 

which gradually develops the affiliation matrix used for future analysis. 

A second approach to network data collection involves self-report data.  The two forms 

generally employed for self-report data studies are population referent lists and ego network 

surveys.  The former approach provides the respondent with a listing of all network actors (for 

example, co-workers) and asks the respondent to indicate which of these individuals they 

affiliate with (Kilduff & Krackhardt, 1994).  Variations of this approach require the respondent 

to rate different types of relations for each respondent (i.e. ‘how close a friend,’ ‘how frequently 

do you communicate,’ ‘how influential is this person,’ etc.) and some studies even ask 

respondents to evaluate which people they believe each respondent affiliates with (Krackhardt, 

1990).  At the end of the data collection process, each respondent becomes a row in an affiliation 
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matrix with their responses for each network other representing the applicable column entry for 

the affiliation matrix. 

The second form of self-report network study involves ego network studies.  In these 

studies, samples of respondents are asked to provide information on some number of close 

affiliates.  Frequently these studies restrict respondents to 3-5 alter contacts, but some studies 

permit broader responses.  Ego network studies have been deployed at the individual level to 

measure aspects of social support, but are also utilized in macro studies of inter organizational 

relations (IOR) (Bruderl et al., 1998; McDonald et al., 2003).  In the IOR format, the respondent 

typically provides information on their organizations relationship to close business partners.  In 

general, ego network studies closely resemble more traditional social science research, but add 

an interactive network perspective not typically found in traditional research. 

Organizational studies generally utilize archival data for network analysis.  The range of 

applications for these include board interlocks, press announcements of alliances and 

partnerships (Bell, 2005), geographic proximity of headquarters (Davis et al., 1997) and 

membership in professional associations (Baum et al., 2000).  In this sense, these studies mirror 

the process used in observational studies in that the researcher records the affiliations and 

generates the data set based on publicly available data.  This approach also permits development 

of time series data which permits studies of evolutionary dynamics and strengthens causal 

inference. 

Following data collection and coding, the analysis of network data presents several non-

trivial obstacles.  Network data observations are inherently interdependent rather than 

independent.  Because of this interdepence, high levels of auto-correlation are common.  Further 

complicating matters, there are no appropriate assumptions for the distribution of responses in a 

given population and the potential form of the population varies with network size.  Each of 
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these problems individually weakens the utility of ordinary least squares, parametric, analysis 

and collectively render standard parametric techniques unviable.  Additionally, the issues 

surrounding expectations of distributions leaves alternate forms of analysis such as generalized 

least squares untenable.  The solution generally recommended for network analysis is the 

deployment of a non parametric quadratic assignment program (QAP) in either correlation or 

regression format for dyadic analysis.  When the unit of analysis involves projects or events, the 

predictor variables are often multi-level (i.e. actor, dyadic and network components may play a 

role).  In such studies variations of maximum likelihood, generalized least squares, logit and 

probit models are deployed.  Both the QAP and multi-level processes are described in this 

section. 

The basic process of QAP involves generating an estimate of the correlation or 

coefficient (for QAP regression) between two matrices of interest.  The process of generating 

this involves dyadic comparisons with corrections for auto-correlation (Dekker, Franses, & 

Krackhardt, 2003; Krackhardt, 1987, 1988).  Following generation of estimates and creation of 

an expected value output matrix, the QAP process generates several thousand replications of 

random matrices of similar size and form to the sampling data sets (i.e. same number of rows, 

columns, and possible ranges for cell entries).  These random matrices represent alternatives to 

the QAP estimates and a proportional estimate is generated based on the number of random 

permutations which better fit the data than the QAP estimates.  The QAP technique is 

documented as quite robust in regards to the data violations typical of network data, produces 

estimates robust to high levels of serial auto-correlation common in time series data, and provide 

estimates able to handle aggregate level analysis of interdependent data (Borgatti, 2002).  QAP 

analysis is thus the recommended technique under situations where the measure of interest is 

relational and the data sampling is inherently interdependent. 
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  While QAP provides a reliable procedure to model relational measures, other 

approaches are more commonly used when estimating multi-level models.  In situations where 

predictor variables take on individual, dyadic, triadic and global levels a variation of the 

maximum likelihood estimation procedure referred to as p* is recommended (Contractor et al., 

2006).  The primary distinction of this method is that it generates predictor estimates using 

distributions which take into account interdependencies between pairs of variables common in 

sociometric data.  In their study, Contractor and colleagues (2006) use a logistic regression 

model with maximum likelihood estimation and maximum pseudo-likelihood estimation.  They 

find that there are slight differences in parameter estimates, but in no circumstances do the 

specific reject or fail to reject conclusions differ.  Their modeling technique begins with an 

assumption of a single constant predictor value which represents a constant.  Predictor values are 

added in escalating levels (e.g. first actor level, then dyadic, followed by triadic, etc.).  The test 

of significance is the change in the -2 log likelihood value with large drops indicating a useful 

additional predictor in the model.  This modeling technique emerges as the recommended 

process when analysis consists of multi-level predictors while the decision between logit, probit 

and multivariate regression using MLS is determined by the expected distribution of the 

dependent variable.   

 

Calculating Network Measures 

Having addressed network data collection and analysis, a discussion of commonly used 

network calculations is in order.  These terms are broadly sorted into estimations of centrality 

and estimations of embeddedness.  Centrality generally represents the access, or reach, an actor 

has within the network population while embeddedness measures estimate the 

interconnectedness of the others in the vicinity of the actor.  Four measures of centrality are 
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discussed – degree centrality, closeness, betweeness, and eigenvector centrality (Borgatti & 

Everett, 2006b; Freeman, 1979).  Following that is a discussion of three estimates of 

embeddedness – ego network density, structural holes, and simmelian ties (Burt, 1995; 

Krackhardt, 1999; Scott, 2000). 

Degree centrality represents one of the more commonly deployed metrics in network 

analysis.  In essence, degree centrality is a count measure of the number of edges contacting a 

node given a specific set of constraints.  For example, the degree centrality of a firm’s alliance 

network would entail the number of discreet alliances documented in the data set for that firm 

over a specified time sample.  Similarly, the degree centrality of an executive in an interlock 

network would involve the number of other executives occupying positions on boards which the 

focal executive also occupies.  The degree centrality metric is believed to capture the immediate 

access to resources that actor possesses.  It is generally utilized as a predictor of performance 

outcomes where it has been linked to innovation, organizational survival, and growth rates. 

Closeness is an indicator of the reach of an actor.  Closeness, as a measure of centrality, 

is a summation of the geodesics to all other actors in the network, the formula for which is: 

Equation 2.1 – Closeness 

∑=
j

ij
CLO
i dc  

where d represents the geodesic between the focal actor i for each target j (Freeman, 1979).  The 

implication of a closeness measure is that an actor with a lower score is closer to all other 

network actors than an individual with a higher closeness score.  The most central, or lowest 

closeness, actor may therefore be viewed as the most central network actor.  To improve the 

interpretability of the closeness measure, the closeness formula is generally standardized.  This 

process involves using a variation of the reciprocal of the formula calculation and the minimum 

closeness (most close actor) within the population (Borgatti, Everett, & Freeman, 2002).   Under 
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these techniques, closeness value increase as the actors overall reach improves.  This 

transformation provides the ability for parameter estimates using closenss to carry the same 

implications with the sign of the predictor as other measures of centrality.  Generally, closeness 

can be viewed as a form of potential influence.  The behaviors and practices of the most central 

actor are potentially viewed ‘quicker’ than more peripheral actors which potentially provides 

more opportunities to influence others.  In organizational research, closeness is rarely utilized as 

an indicator (examples of closeness studies include Ahuja, 2000a; examples of closeness studies 

include Boje & Whitten, 1981; Gulati & Gargiulo, 1999), however it seems promising from an 

institutional perspective. 

While closeness suggests network centrality from the standpoint of reach, betweenness 

offers a measure of hub-centrality.  The betweenness of actor k represents the sum of all of the 

shortest walks from actor i to actor j which must pass through actor k.  The formula most 

commonly used for betweenness is: 

Equation 2.2 – Betweenness 

∑∑=

i j ij

ikjBET
k g

g
c  

where g represents the paths between actors i and j (Freeman, 1979).  The use of the 

deonominator covers all paths between i and j meaning the betweenness measure estimates the 

proportion of shortest paths which traverse k.  The anticipated benefit of betweenness involves 

the ability to mediate, and potentially control, flow of resources between two actors.  From an 

organizational standpoint this represents a likelihood of awareness of resource movement as well 

as the potential to obstruct, or at least benefit from, those same resource flows.  Macro level 

research using betweenness has demonstrated a relationship with growth and survival.  As with 

closeness, betweenness is less utilized than degree centrality in organization level research 

(examples include Baum, Shipilov, & Rowley, 2003; Tsai et al., 1998).  Again though, as with 
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closeness, betweenness offers interesting possibilities in terms of investigating patterns of 

competency development. 

Eigenvector centrality differs from the past centrality measures in that it measures the 

degree centrality of an actor weighted for the prominence of the alters connected to that actor.  

The eigenvector centrality measure is determined from the eigenvector of the adjacency matrix 

most relevant to the study at hand, its computational form is: 

Equation 2.3 – Eigenvector Centrality 
 

Eigenvector centrality is interpreted as high when an actor is central and adjacent to other highly 

central network members (Borgatti, 2005).  To this extent, it is perceived as an indicator of the 

prominence, or importance of an actor.  This centrality measure is not frequently utilized in 

organizational level studies, but would seem a logical metric in scenarios where actor 

prominence is believed to play a role – for example, studies of organizational influence or 

institutional pressures (examples include Koka et al., 2002; Soh, Mahmood, & Mitchell, 2004). 

While the measures listed are all considered estimates of centrality, each differ 

specifically in assumptions of network flow and the results emerging from each measure may 

differ from actor to actor within a network (Borgatti et al., 2006b).  In part this involves a 

differentiation between whether information flows in a network move in serial or parallel and 

whether the information is likely to flow by the shortest possible route (geodesics) or long routes 

(walks) (Borgatti, 2005).  Borgatti argues that transmittal of information, such as important facts, 

are likely to follow geodesics and move in parallel (the sender and receiver each keep a copy of 

the transmission), in these cases betweenness centrality emerges as the optimal measure.  

Alternately, if we are interested in a package moving along the fastest route between two actors, 

closeness measures offer the best indicator of centrality.  If the research interest is in contagion 
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or influence though, eigenvector centrality offers an indicator optimally capturing such parallel 

transmittal and random walk combinations. 

Borgatti (2005) makes an assumption that flow through the network is serial (e.g. the 

information leaves the sender when it reaches the receiver) or parallel (the information replicates 

and exists in both the sender and receiver).  Both assumptions assume a certain level of 

consistency in the item being transferred.  Certainly this assumption holds true for physical 

objects and certain types of information (for example, dispersion of recent news events).  The 

assumption seems problematic in dynamic information flows wherein the object may actually 

change in transference from the sender and receiver.  For instance in the process of gossip 

moving through a social system, the information moves in parallel with both the sender and 

receiver retaining memory of the gossip exchanged.  In the process of transmittal, the 

polymorphic consistency of the gossip is threatened, the receiver is likely to alter (even 

erroneously) the message resulting in two distinct gossip objects residing in the system (one with 

the sender, one with the receiver).  Each of these objects may move through the network and 

each may evolve, and even influence offspring (or parents) of the object message.  This is, in 

part, the point of a common childhood game where the participants are placed in a circle and 

whisper a message from left to right.  The end result of the message is generally significantly 

different than the original message.  If such is the result of merely linear transmission with 

augmentation and spawning of related but altered object clones, how much more problematic 

does this become when the mode of information transmittal is unconstrained by the convention 

of circular, serial whispering? 

Such an outcome clearly occurs in the learning and creativity process.  Whether through 

invention or imitation, recognition exists that our creative outcomes are a reflection of our social 

contacts (Ahuja, 2000a; Baum et al., 2000; Shan et al., 1994).  In some cases this may simply 
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involve imitation of a successful strategy, such as the deployment of adult contemporary radio 

formats (Greve, 1996) or use of organic farming techniques on ranches in Finland (Nyblom et 

al., 2003).  In these situations where the transmission is parallel and the concept remains more or 

less unchanged, Borgatti (2005) provides guidelines for the appropriate centrality measure.  

Learning outcomes in a dynamic network pose some problems.  In these cases, in the process of 

actor A learning from actor B, actor B may alter the object in transmission resulting in a variation 

of the object.  As this new object moves through actor B’s ego network, each contact may alter it 

resulting in various strains and mutations of the original idea extending through the global 

network.  In such cases, while centrality likely plays a role in who learns what (and how soon), it 

is unclear which centrality measure optimally estimates this transmittal type.  Since the various 

centrality measures can vary greatly for a single actor in a network, researchers often examine 

more than one centrality indicator (Ahuja, 2000a; Baum et al., 2000; Gulati, 1999; Tsai et al., 

1998). 

To illustrate the variance in differing centrality indicators for actors in a given network, 

consider the four actors noted in Figure 2.3.  In this sample, the respondent actors are linked to 

other actors if they participated in the same project during the observation period.  Measures of 

closeness (mean = 16.2), betweenness (mean = 6.8) and eigenvector centrality (mean = 18.6) 

have been calculated for each member of the network.  All measures are standardized and 

expressed in terms of the most central actor using that measure, an approach common in the 

UCInet network software application (Borgatti et al., 2002).   

Note that actor A is the most central actor by all three measures.  Actor B, merely one link 

away from actor A is central in terms of closeness, but noticeably lower in both betweeness and 

eigenvector centrality.  Largely this is because actor A brokers two distinct subgroups in this 

network while actor B is merely a close contact to broker A.  Actor C, also a direct contact of A is 



   

42 

less central than A or B in terms of closeness and betweeness, but is far more important in 

eigenvector centrality than is actor B.  Here the distinction involves the number of other 

important contacts actor C has, specifically the contact with the broker A and another broker to 

the sub-group on the bottom right.  In this case, eigenvector centrality for C is influenced 

significantly by the importance of C’s contacts.  Actor D, alternately, is above average on the 

closeness indicator, but relatively low on betweenness and eigenvector centrality.  While D has 

reasonably good reach throughout the network, nearly all their potential brokerage contacts are 

redundant with adjacent contacts which lowers the betweenness rating.  Further, virtually none of 

D’s contacts are central to the network leaving D with an exceptionally low eigenvector 

centrality measure. 

Figure 2.3 – Centrality Measures in a Network Sample 

B

Closeness (18.3), 
Betweeness (18.4), 
Eigenvector (16.15)

Note: 

1. All values are standardized and sorted so that a higher 
value indicates a more central actor.

2. Closeness ranges from 13.03 to 18.9, average 16.2

3. Betweeness ranges from 0 to 39.2, average 6.8

4. Eigenvector ranges from 0 to 51.2 average 18.6

A

Closeness (18.9), 
Betweeness (39.2), 
Eigenvector (51.2)

C

Closeness (17.6), 
Betweeness (1.7), 
Eigenvector (48.3)

D

Closeness (16.2), 
Betweeness (10.8), 
Eigenvector (3.2)

 

Having explored the various indicators commonly used for centrality, I turn to the 

commonly used constraint indicators of ego network density, brokerage and Simmelian ties.  Ego 

network density is an indicator of the overall interconnectedness of a given actors ego network 
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(Scott, 2000).  Essentially, this measure estimates which direct contacts of an alter are also 

themselves connected.  It follows the general form of all density calculations in that it divides the 

number of ties present by the number of possible pairs, thus ranging from 0 to 1 as an ego 

network goes from completely unconnected to fully connected.  There is some disagreement in 

the literature as to whether more, or less ego density is better.  Burt’s structural hole theory 

argues that an actor is better without redundant ties, which suggests an ego density approaching 

zero is best (Burt, 1995).  Others though suggest that strong ties, which typically share 

redundancies, improve performance suggesting that values diverging from zero are best 

(Coleman, 1988).  There is generally agreement though that a higher level of ego density 

correlates with excessive social control and represents an inertia generating force.  It is therefore 

possible that the relevance of embeddedness is itself influenced by environmental change forces 

implying that the benefits of a dense network are most pronounced during periods of stability 

(Burt, 1997;  Granovetter, 1985). 

Burt’s constraint measure is an alternative to ego network density and estimates the 

brokerage effectiveness of an actors network, it represents an operationalization of the concepts 

of brokerage and structural holes.  This measure corrects for redundancies in the ego network 

and then standardizes the effective size, dividing it by the total size of the ego network.  The 

result is an indicator Burt argues as the proportion of a network providing non-redundant benefits 

after controlling for the constraints imposed by maintaining relationships (Borgatti et al., 2002).  

In resource dependent relations and during highly dynamic periods, such efficient brokering 

offers firms the ability to either divide and conquer or leverage bargaining power (Bae & 

Gargiulo, 2004). 

The final measure of embeddedness is the estimate of Simmelian ties.  As previously 

indicated, a Simmelian tie is a special case of triadic connectivity and is considered a strong 
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indicator of social cohesion (Krackhardt, 1999; Krackhardt et al., 2002).  One approach to 

calculate Simmeilian ties uses a count approach of the Simmelian matrix which counts the 

number of Simmelian triads any two actors share.  Evidence suggests that participation in 

Simmelian triads increases trust and accelerates learning between partners.  However, actors who 

are involved in large numbers of Simmelian triads are found to experience significant inertial 

forces during periods of change.  From this, I expect that the Simmelian tie indicator may 

represent potential for high performing partnerships in stable situations while in situations with 

greater uncertainty or ambiguity the same measure provides an indicator of which actors are least 

likely to adapt to environmental change. 

Returning to the data set used to illustrate centrality measures, the same network is 

depicted in Figure 2.4 with illustrations of the constraint measures previously discussed.  Here, 

note that actor A who was the most central actor in the previous example is more constrained in 

some ways than the other illustrated actors.  While the ego network density for A is lower than 

B, C or D, A has the least efficient brokerage network and is engaged in more Simmelian ties 

than the other actors.  The primary difference is influenced by the relatively high degree 

centrality of A.  While this may influence the lower ego density , since density tends to decrease 

with network size, the cost of maintaining such a large network is corrected in the brokerage 

efficiency of the constraint measure.  Also, A’s larger number of contacts also corresponds to 

more Simmelian triads which theoretically reduces the flexibility of actor A. 
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Figure 2.4 – Density Measures in a Network Sample 

B

Density (66.7), 
Constraint (.5), 
Simmelian (8)

Note: 

1. Simmelian ties are the sum of all simmelian triads 
actor A participates with all other alters.

2. Density ranges from 0 to 1009, average 65.4

3. Constraint ranges from 0 to 1, average .44

4. Simmelian ranges from 0 to 30 average 14.25

A

Density (41.7), 
Constraint (.3), 
Simmelian (30)

C

Density (66.7), 
Constraint (.4), 
Simmelian (28)

D

Density (66.7), 
Constraint (.44), 
Simmelian (20)

 

In general, centrality measures are thought to represent access indicators while 

embeddedness measures represent constraints.  However, during the preceding review of these 

structural measures it is apparent that both sets offer different perspectives on agency and 

constraint.  To the extent that access provides opportunities, degree centrality, closeness, and 

betweenness each offer insights into which actors are most likely to perceive opportunities.  

However Burt’s structural hole indicator also provides an indication of which actors are likely to 

receive an array of novel information and Burt suggests that this provides similar benefits.  There 

is a general consensus that high levels of constraint occur when ego network density is high and 

when an actor is embedded in too many Simmelian ties.  Additionally though, institutional 

pressures are likely to be highest for those tied most prominently to the existing structure which 

suggests that eigenvector centrality offers simultaneous indication of both influence and 

constraint.    
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The Structural Component of Social Capital 

This section explores theoretical and empirical examination of the structural aspect of 

social capital.  I have detailed three distinct structural conceptions of social capital, each are 

depicted in Figure 2.5 below.  Structural components of social capital are obvious in Coleman’s 

initial conception of social capital as the value of connections and his emphasis on social capital 

accruing through closure in fully dense interconnected groups (Coleman, 1988).  Burt’s (1995) 

notion of non-redundancy, brokerage, and minimization of constraint in social networks and 

Krackhardt’s (1999) depiction of Simmelian triads all represent structural manifestations of 

social capital.  In the structural conception, the pattern of connections rather than the nature or 

tenor of a connection are the focal topic of interest. 

 

In preparation for this section, a number of studies were examined.  Each of these studies 

explore some aspect of organizational structural social capital in either a theoretical or empirical 

framework.  Empirical examination of structural capital includes network measures of centrality 

and interconnectedness at either the ego or global network level.  Additionally, perceptual and 

scale measures of social capital which emphasize quantity or access to social capital were 

included as structural estimates.  Studies of an institutional framework which emphasize access, 

proximity, or coverage by institutional legitimizing forces were also included as indicators of 

structural social capital.  In all cases, such studies reference a link to social capital and 

Burt – Structural Holes 
High Brokerage,  
No Closure 

Coleman – Social Capital 
No Brokerage,  
High Closure 

Krackhardt – Simmelian Ties 
Moderate Brokerage,  
Moderate Closure 

Figure 2.5 – Three Concepts of Social Capital 
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particularly emphasize these types of social capital measures as providing either, or both, access 

and constraint on organizational action. In total, seventy-two studies used three hundred and 

ninety-eight different estimates of the structural component of social capital.  Discussion of these 

articles is separated into examination of structural capital as a source of access and structural 

capital as a source of constraint. 

 

Structural Capital as a Source of Access 

Definitions of access reference ability to reach, approach or enter.  Structural measures of 

access similarly represent an organizations ability to reach crucial resources and information, 

approach beneficial new technologies and partners and enter into performance enhancing 

collaborative agreements as well as admittance to legitimized economic institutions (Dyer et al., 

1998; Hagedoorn, 2006; Kim, Oh, & Swaminathan, 2006; Lorenzoni et al., 1999).  The general 

framework of such analysis works from a hypothesis that access permits benefits and more 

access yields more benefits.  While some recognition exists that each point of contact requires 

time and energy for maintenance (Gibbons, 2004), treatment within the empirical literature 

generally assumes an overall positive relationship between access and outcomes beneficial to the 

organization. 

Network, scale and institutional indicators are frequently used measures of access to 

social capital.  From the network analytic framework, the various measures of centrality are 

considered indicators of access (Borgatti, 2005).  A depiction summarizing the number of studies 

using various centrality measures and the outcomes associated with those measures appears in 

Table 2.1 below.  While degree centrality is the most frequently used indicator, betweenness 

centrality, closeness centrality and eigenvector centrality each appear in the sample of articles 

examined.  Scale estimates of structure include approaches asking for frequency or tendency to 
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engage in inter-organizational relations, estimation of the general amount of social capital 

available to an organization, frequency of social interaction and tendency to use boundary 

spanning activities in the pursuit of organizational objectives.  Institutional indicators include ties 

to social legitimizing or prominent institutional actors, ownership or control by institutional 

forces, membership or affiliation with professional associations and proximity to economic and 

research incubators. 

Table 2.1 – Empirical Studies Using Access Measures 

Construct Explanation Studies Measures Related 
Outcomes 

Degree 
Centrality 

Count measures of number of alters an actor 
has direct contact with. 
 
(Ahuja 2000a, 2000b; Ashar and Shapiro, 1988; 
Baum et al., 2000; Bell, 2005; Davis and Greve, 
1997; Eisenhardt and Shoonhoven, 1996; Florin et 
al., 2003; Galaskiewicz and Wasserman, 1989; 
Greve, 1996; Gulati, 1999; Gulati and Higgins, 2003; 
Hager et al., 2004; Ingram and Roberts, 2000; Koka 
and Prescott, 2002; Lavie and Rosenkopf, 2006; Lee 
et al., 2001; Nicholls-Nixon and Woo, 2003; Palmer 
et al., 1993; Papa and Papa, 1992; Powell et al., 
1996; Rao et al., 2000; Rowley et al., 2004; Shan et 
al., 1994; Singh, 1997; Singh and Mitchell, 2005; 
Stuart, 1998; Tsai 2000, 2001, 2002; Tsai and 
Ghoshal 1998; Westphal and Zajac, 1997; Westphal 
et al., 2001) 

32 126 Access to 
resources,  
Adoption of 
practices, 
Business 
survival, 
Choice of new 
affiliations,  
Corporate 
citizenship, 
Firm 
Performance  
Future degree 
centrality,  
Growth,  
Innovation,  

Betweeness 
Centrality 

Number of times an actor occupies 
geodesics between any other two actors. 
 
(Baum et al., 2003; Tsai and Ghoshal, 1998) 

2 4 Attitude 
Similarity, 
Brokerage, 
Resource 
Exchange 
Trustworthiness 

Closeness 
Centrality 

Sum of geodesics between an actor and all 
other actors.  Considered the network reach 
of an actor. 
 
(Ahuja 2000a; Boje and Whetten, 1981; Gulati, 
1999) 

3 5 Choice of new 
affiliations 
Influence 
Innovation 

     
     

(table continues) 
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Table 2.1 (continued). 
 
Construct Explanation Studies Measures Related 

Outcomes 
Eigenvector 
Centrality 

Similar to Degree Centrality except the 
value of each alter connection is weighted 
by the overall network position of the 
contact. 
 
(Koka and Prescott 2002; Soh et al., 2004) 

2 2 Information 
Access 
R&D Spending 
Changes 

Structural 
Capital 
Scales 

Perceptual measures and aggregate 
indicators of social capital 
 
(Brown and Eisenhardt, 1997; Bruderl and 
Presendorfer, 1998; Jansen et al., 2005; Koka and 
Prescott, 2002; Kotabe and Swan, 1995; Rowley et 
al., 2004; Ruef, 2002; Soda et al., 2004; 
Subramaniam and Youndt, 2005; Walker et al., 1997; 
Westphal et al., 2001; Yli-Renko et al., 2001; Zahra 
and Nielsen, 2002) 

13 34 Attitude 
Similarity 
Choice of new 
affiliation 
Innovation 
Type of 
Innovation 
Resource 
Exchange 
New Product 
Introduction 
Project Success 
Firm 
Performance 

 

Several mechanisms are offered as explanation for the benefits associated with access.  

Virtually all studies embracing a social capital explanation offer explicit or implicit association 

to Granovetters (1985) theory of economic embeddedness.  As argued by Granovetter, all 

economic action occurs in socially constructed reality and the actions and interpretations of each 

economic actor is a function of the such socially constructed realities.  From this perspective, 

economic action extends beyond merely resource exchange.  It includes information embedded 

within each exchange, information which leads to social learning (Crossan, 1999; Mcgaughey, 

2002).  In the course of economic interaction, actors learn a variety of things about their business 

partners.  Such knowledge includes, but is not limited to, the means and methods the partner uses 

to engage in commerce which enables the actor-observer an opportunity to learn vicariously 

through their business partners (Winter, 2000). 
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While most obvious in measures of degree centrality, the concept of access lends itself to 

a hub analogy.  As more external links lead into a given hub, one expects a greater amount of 

resource exchange moving through that hub.  Of all the resources moving through a hub, none 

are of more importance than information in part because information moves alone in information 

exchanges and accompanies materials in material exchange.  Thus it is expected that the more 

points of access a given actor has, the higher the quantity or volume of information exchange.   

The increased volume of information available to actors with great access provides a 

substantial increase in opportunity for beneficial outcomes from search activities.  Evolutionary 

economic theory recognizes the inherent nature of enterprise to seek new means and methods 

when extant performance falls below desired threshold (Nelson et al., 1982).  Firms with greater 

access have greater reach in terms of observing multiple alternatives, this means such firms have 

more opportunities to evaluate alternatives when selecting new paths (Gulati et al., 2000).   

Even when not overtly engaged in search, firms with greater access have a discovery 

dividend providing advantage relative to firms with less access.  Because firms with great access 

function as information hubs, they gain an opportunity to view more activities than do firms with 

less access.  One conception of innovation involves the combination of existing knowledge in 

new and novel ways (Gavetti, Levinthal, & Rivkin, 2005; Zahra & George, 2002a).  Firms with 

greater access have access to more stocks of knowledge and opportunities to observe more 

means of combination than do firms with lesser access. 

I have presented arguments that hub firms have access to greater information flows 

(Gulati et al., 2000), experience greater efficiency in their search efforts (Lorenzoni et al., 1999) 

and additionally encounter more opportunities for vicarious learning (Winter, 2000) and 

innovation by nature of their access to volumes of information.  These three individual mechanic 

benefits to hub firms combine for an additional advantage, greater strategic advantage in 
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choosing paths, processes and partners (Hagedoorn, 2006; Kim et al., 2006).  Strategy texts 

proudly observe that the history of strategy is tied to the art of the general and note the 

importance of strategy formulation in achieving organizational objectives.  It comes as little 

surprise that in a competitive setting, a firm with access to greater intelligence has a strategic 

advantage vis-à-vis competitors with less access to intelligence.   

This advantage extends beyond information, knowledge and learning benefits and 

extends to evaluatory effectiveness.  Firms with greater access have more information inputs for 

their strategic evaluation processes.  These benefits provide them with greater decision 

opportunity sets when choosing business partners and business paths (Hagedoorn, 2006; Kim et 

al., 2006).  Additionally, because of this strategic advantage, such firms are themselves more 

desirable partners leading to both supply and selection benefits in partner selection and 

organizational form (Hagedoorn, 2006). 

I have presented four mechanisms which argue for the benefits which accrue to firms 

with greater access.  These benefits include information flow benefits, search and discovery 

dividends, improved strategic evaluation and increased desirability towards potential business 

partners.  A review of empirical literature supports the existence of such mechanisms and 

provides a litany of positive organizational outcomes associated with increased firm access. 

Firms with greater access are found to have access to greater volume of information 

(Koka et al., 2002) and receive more opportunities for knowledge sharing (Tsai, 2002).  Such 

firms are also more likely to be the beneficiaries of favorable resource exchange (Tsai et al., 

1998).  They are more likely to obtain access to financial capital (Florin et al., 2003) and are 

more likely to receive favorable press and pricing during organizational formation activities 

(Pollock & Rindova, 2003). 
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Access to greater levels of information leads to faster adoption of new processes 

providing hub firms with greater adaptability potential.  More central firms were among the 

fastest to adopt poison pill and other protectionist measures (Davis et al., 1997), lead other firms 

in charitable contributions (Galaskiewicz & Wasserman, 1989), adopt new competitive forms 

faster in the radio (Greve, 1996) and news industries (Miner et al., 1990) and are able to move to 

more preferable financial markets faster than less central firms (Rao, Davis, & Ward, 2000). 

Firms with greater access are perceived as more trustworthy (Tsai et al., 1998) and more 

prestigious (Rindova, Williamson, Petkova, & Sever, 2005) than firms with less access.  This 

leads to more opportunities for collaborative inter-organizational activity (Ahuja, 2000b; 

Eisenhardt & Schoonhoven, 1996; Gulati, 1999; Stuart, 1998) and faster rate of IOR linkage 

(Stuart, 1998).  More central firms are perceived as trustworthy, prestigious and desirable 

partners, creating opportunities for more trusting and mutually beneficial IOR relations (Lavie & 

Rosenkopf, 2006; Rowley, Behrens, & Krackhardt, 2000).    

While information, resource, adaptability and partner selection benefits are certainly of 

substantial interest to academics and practitioners, such benefits would be primarily of statistical 

interest only without subsequent performance benefits.  In fact, greater levels of access are 

related to a number of important business performance indicators.  Firms with greater access 

have a lower mortality rate and survive longer than less connected firms (Hager, Galaskiewicz, 

& Larson, 2004; Singh, 1997).  Such firms have a greater utilization rate for their operational 

assets (Ingram & Roberts, 2000), earn greater returns on sales dollars (Florin et al., 2003) and 

enjoy greater market share (Rowley, Baum, Shipilov, Greve, & Rao, 2004) than do firms with 

less access. 

Additional benefits for firms with greater access include growth and financial 

performance benefits.  Revenue growth benefits are observed in biotech, hi-technology 
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electronic manufacturers and computer software industries (Baum et al., 2000; Lee, Lee, & 

Pennings, 2001; Singh & Mitchell, 2005).  Employee growth and increases in R&D spending are 

also observed, a fact which is particularly true for firms partnering with other prestigious firms 

(Baum et al., 2000; Soh et al., 2004).  Finally, market performance and return on investment 

rates increase proportionally with increased firm access (Gulati et al., 2003; Kor & Mahoney, 

2005; Tsai, 2001). 

Innovative performance also trends higher for firms with greater access.  General levels 

of innovativeness (Bell, 2005; Kotabe & Swan, 1995; Zahra & Nielsen, 2002b), increased patent 

count (Ahuja, 2000a; Baum et al., 2000; Shan et al., 1994) and product counts (Nicholls-Nixon et 

al., 2003; Tsai et al., 1998; Zahra et al., 2002b) are commonly associated with more central 

firms.  Unlike structural analysis of constraint which is discussed later in this section, in general 

most studies of innovation and product output do not differentiate between incremental and 

radical innovation.   Some evidence exists that access interactions explain increases in radical 

innovation.  In particular, firms are able to leverage access benefits to produce radical innovation 

to the extent that they have the human capital or absorptive capacity to manage radically 

innovative output (Subramaniam & Youndt, 2005). 

Taken as a whole, structural access indicators appear to provide overwhelmingly positive 

outcomes.  While agreement exists that costs are associated with increased access, there exists 

little evidence that such costs ever outweigh the benefits associated with increased access.  It is 

therefore the general expectation that access will lead to positive collaborative output.  Within 

the context of radical innovation, or relatively complex endeavors, access may play an important 

interactive role in understanding success of relatively complex endeavors. 
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Structural Capital as a Source of Constraint 

The concept of constraint represents limits or restrictions to behavior.  It reflects the 

tendencies of forces to confine, inhibit, or restrain activity (Meyer, 1982; Oliver, 1990).  Of the 

two functions of social capital, the function of constraint differs substantially at opposing 

extreme conditions (Granovetter, 1992).  Consider for a moment that access has a functional 

lower bound of zero, one either has access or one does not have access.  Thus, the relative 

benefits of access accumulate as levels of access increase. 

Constraint alternately ranges from fully constrained to fully unconstrained.  Benefits and 

costs accrue at both ends of the continuum and the nature of these costs and benefits differs 

categorically at each extreme.  Fully constrained actors have the greatest restriction on the range 

of behavioral choices available and have access to the least varied amount of information, 

however they reap benefits of increased trust and dependability (Bouty, 2000; Nahapiet et al., 

1998).  These benefits manifest as reduced transaction costs in social exchange, rapid 

deployment of productive assets and improved efficiency in incremental operations (Dyer et al., 

1998; Granovetter, 1985; Hill et al., 2003). 

Unconstrained actors, by comparison, have access to highly divergent sources of 

information (Zahra et al., 2002a).  The fully unconstrained actor is free to choose or engage in 

any conceivable activity, limited only by internal forces such as creativity and capability 

(Gilbert, 2005).  It bears mention that the fully unconstrained actor bears striking resemblance to 

the conception of rational, economic man in that the only limitations expected are those driven 

by internal choice and selection.  Such freedom comes with costs, the unconstrained actor is less 

certain of the actions of their partners (Dyer et al., 1998).  Fear of opportunistic behavior and 

lack of institutionalized rules of behavior increase transaction costs between actors leading to 

scenarios where the actor is better suited to maintain certain processes internally and buffer those 
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processes from external vantage.  The advantages and disadvantages associated with varying 

levels of constraint are depicted in Table 2.2. 

Table 2.2 – Paradoxical Benefits of Structural Capital 

Type of Capital Impact on 
Information 

Impact on Actors 
Actions 

Inertia Pressures 

Dense Networks 
(high Closure) 

Redundant or fine 
grained information 

More trusting, 
More constraint, 
More certainty, 
Reciprocity, 
Mutual assistance 

Strong 

Mixed Networks 
(high Simmelian) 

New and Novel 
Information 

More trusting, 
High Constraints, 
Less certainty, 
Reciprocity, 
Mutual Assistance 

Very Strong 

Spare Networks 
(high Brokerage) 

New or novel 
information 

More flexibility, 
Less certainty, 
Few obligations, 
Little Assistance 

Weak 

 

The distinction of the fully constrained and fully unconstrained actor are perhaps largely 

theoretical concepts.  It is unlikely that any individual actor is either completely compelled to 

behavior through constraint networks nor completely free to select any course of action without 

reproach.   Rather, the typical actor has some level of constraint which provides some degree of 

certainty of social action while leaving some flexibility for individual choice.  Further, different 

actors generally experience differing levels of constraint with some more embedded in social and 

institutional processes while other less constrained actors represent the emergent forces of 

entrepreneurship visible in most industry (Granovetter, 1985).  It is this idiosyncratic and 

asymmetric distribution of constraint which forms the basis of evolutionary economic and 

dynamic market theories (Nelson et al., 1982; Schumpeter, 1942). 

Returning to the arguments presented under access functions of social capital, 

information flow is the central element of social exchange.  In all activities information becomes 
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available and all actors engaged in, and viewing, the exchange learn and modify their 

understanding of the social landscape based on the behaviors and outcomes manifest in a specific 

social exchange.  Where access addresses the speed and volume of information movement, 

constraint addresses the distinctiveness of information flow during social exchange. 

Heightened levels of constraint provide significant and deep information on the behaviors 

and expectations associated with action.  For example, consider an exchange between two actors 

each embedded in the same densely interconnected network.  The two actors directly experience 

the exchange and the resulting specific information transmission.  Additionally though, the 

others connected to these actors experience and project information flows relative to that 

exchange, each of these information flows ripples through the others within this interconnected 

network.  Thus, each of the two initial actors have multiple lenses to view the precedent, action, 

and post-action stages of the exchange.  This provides fine-grained adjustment and restitution as 

needed and offers detailed expectations of future exchanges.  However, the time spent on 

concurrence reduces time allotted for new and novel information.  This is Coleman’s (1988) 

specific definition of social capital revisited, dense interconnected networks offer outstanding 

monitoring and support mechanisms at the cost of reduced new information.   

Burt (1995) focuses on the time allotment of information as a beginning point for his 

conception of social capital.  Time spent reassessing known information is time which cannot be 

spent on learning new information.  The responsibilities associated with mutual monitoring in 

dense networks require energy and effort expenditures which, once spent, are unavailable for 

other actions.  These opportunity costs of redundancy are argued to exceed benefits leading to 

stagnation.  Rather, an unconstrained network of unconnected alters provides the most efficient 

means of gathering radically new information (Perry-Smith & Shalley, 2003).  Such individuals 

are more likely to be able to recombine diverse and novel flows of information into completely 
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new ideas and therefore gain creativity benefits through overlap reduction (Zahra et al., 2002a).  

Further, by representing the only bridge between diverse groups, the structural hole spanning 

actor gains resource brokerage benefits which heighten overall prestige and power (Gulati et al., 

2000). 

Adaptation, interestingly, occurs in both constrained and unconstrained networks 

however, the specific nature of adaptation differs categorically (Hill et al., 2003).  Unconstrained 

networks are prone to radical adaptations as new and diverse information stocks are combined 

and recombined in unique ways by the various idiosyncratic capabilities of participant actors.  

Constrained networks, by comparison, evolve incrementally through a series of micro-

adjustments observable by all participants.  It is in this adaptive process that the contingent 

nature of social capital is most evident, different types of constraint networks optimize different 

benefit and cost functions. 

The mechanisms which explain constraint processes consist of social processing, mimetic 

pressures, monitoring efficiency and novelty of information flow.  The first two mechanisms are 

related concepts and most closely reflect institutional theory expectations (DiMaggio et al., 1983; 

Meyer et al., 1977; Scott, 1987).  Social action is frequently characterized by ambiguity of 

expectations of self-action and uncertainty related to the expected actions of others.  With 

increased levels of ambiguity and uncertainty, actors process social cues for appropriate and 

expected behaviors from their surroundings and from the actions of others.  Over time, social 

processing leads to general levels of conformity for actions which can ultimately lead to those 

conforming acts becoming institutionalized into ‘a fact unto themselves.’  Once reaching an 

institutional state, mimetic pressures on behavior are greatly increased since conformity 

generally leads to legitimization and legitimized actors are rewarded with increased access to 

necessary resources (Deephouse, 1996).  Actors with institutional linkages are typically 
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constrained to a behavior set of institutionally legitimized acts (Tallman, Jenkins, Henry, & 

Pinch, 2004). 

A more interconnected actors network generates increased efficiency in the actors social 

monitoring processes (Coleman, 1988).  As discussed previously, an interconnected network 

reverberates with echoes of actions and interpretations of each actor in the network.  This 

provides multiple lenses and more rapid processing potential for behaviors occurring within the 

interconnected network.  The existence of multiple lenses and more rapid social processing flows 

increases the general mimetic pressures of the network and heightens conformity.  This increased 

conformity and heightened concurrence regarding appropriateness of action leads to reduced 

uncertainty of action which increases the overall level of trust within interconnected networks 

(Dyer et al., 1998; Gibbons, 2004).  Essentially the social processing advantages, increase in 

mimetic pressure, reduced uncertainty and heightened levels of trust become self-reinforcing and 

may lead to inertia in interconnected and closed networks. 

A fully interconnected network which is also closed from external contacts is restricted in 

social processing information (Granovetter, 1985).  The only information available to a closed, 

interconnected network is information already within the network.  Such systems operate in 

environments characterized by punctuated equilibrium.  Normal activities flow from past 

activities and any change forces are incremental and path dependent (Nahapiet et al., 1998).  

Large scale change in such systems is rare, large scale change forces increase when the system is 

opened up to outside forces and when the interconnectedness of the network is reduced. 

As outside contact is increased and interconnectedness decreased, social processing 

efficiency is reduced which increases potential for new interpretations to emerge.  These new 

interpretations result from old information being processed and packaged in new and novel ways 

(Zahra et al., 2002a).  Over time in a loosely connected network numerous interpretations and 
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meanings may emerge each accompanied with a series of expected actions.  This allows multiple 

sets of differing mimetic pressures to simultaneously exist within different regions of a network.  

The actors who bridge regions will experience the mimetic pressures of their local region but 

will become aware of the mimetic pressures of their adjacent regions.  Divergent information 

increases uncertainty and ambiguity but increases potential for radical recombination.  

Ultimately, this allows actors in sparse, bridging networks an advantage in radical discovery and 

increased innovativeness (Perry-Smith et al., 2003). 

The discussion of constraint mechanisms leads to an expectation that constraint is related 

to heightened conformity, reduced uncertainty, increased trust and better incremental learning.  

Alternately reduced constraint is associated with reduced conformity, heightened uncertainty, 

decreased trust and better radical learning.  These theory driven expectations are supported with 

empirical evidence associated with adoption of practices, attitude similarity, performance 

outcomes and innovation outcomes.  I begin my examination of the empirical study of constraint 

networks with an examination of measurement approaches used in such studies. 

A number of different indicators are employed in empirical studies.  Researchers 

investigating the constraint component of social capital utilize network measures, perceptual 

scales and institutional indicators.  Network measures utilized include both ego centric indicators 

and global network indicators.  Ego network indicators include measures of ego network density, 

structural hole measures and homophily indicators.  With the density and structural hole 

measures, researchers are primarily investigating the interconnectedness of ego’s alters while 

with homophily indicators the focus is on the overall similarity or dissimilarity of ego’s alters.   

Perceptual scales generally involve investigation into proportional differences in strong 

tie and weak tie networks.  Hearkening to Granovetter’s (1972) theory of weak ties and strong 

ties, weak ties are considered sources of new and novel information while strong ties are more 
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likely to represent assistance networks.  In this case, the proportional measure approach 

examines the extent to which an actor is surrounded by relatively similar strong-tie contacts or 

relatively divergent weak-tie contacts.  An actor surrounded by weak tie contacts is considered 

relatively unconstrained while a strong-tie surrounded actor is constrained, in each case the 

benefits and costs associated mirror those found using network measures. 

Institutional indicators of constraint networks emphasize proximity to status conferring 

agents either through geographic, membership or external coverage.  Such institutional links are 

interesting because they represent access to institutions along with institutional constraints.  It is 

generally within the institutional framework that access and constraint most overlap.  

Institutional ties are important sources of legitimacy thus providing benefits more commonly 

associated with access (Deephouse, 1996).  However, these same links embed the firm into 

common industry rules of the game which can restrict the range of creative action (Tallman et 

al., 2004).  

When engaging in search, firms in a dense network are more likely to select 

modifications to practices used by their connected alters (Papa & Papa, 1992).  Firms who are 

members of interconnected networks are more likely to choose membership in institutional 

organizations (McEvily et al., 1999).  Similarity in board interlock patterns and industry 

affiliation explain the spread of poison pill and golden parachute practices (Davis et al., 1997).  

The structural equivalence of two actors networks has been found to explain variations in 

perceived isomorphic pressures reported by those actors (Oliver, 1988).  Similarly, structurally 

equivalent units are more likely to engage in knowledge sharing practices (Tsai, 2002).  

Proportionally strong tie interlock networks explain decisions to move between stock exchanges 

(Rao et al., 2000).  Firms seeking international expansion are also found to prefer regions where 

interconnected partners have expanded (Henisz & Delios, 2001).  In each of these cases, 
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concurrence of choice of firm action is most pronounced in dense networks, similar findings 

exist when examining the attitudes of firms in dense networks. 

Partners with common third party ties are more likely to provide similar advice and 

prescriptions (Krackhardt et al., 2002).  Members of interconnected networks are likely to share 

information and improve efficiency on competitor scanning (McEvily et al., 1999).  Heightened 

levels of cohesion of alter networks relates to common interpretation and attitude towards 

interorganizational relationships (Rowley et al., 2004).  Coverage by higher status analysts 

increases the likelihood that other analysts will pickup and mirror similar coverage (Rao et al., 

2000).  Adoption and attitude convergence are well explained by constraint and exhibit 

replicable linear relations.  However, reflecting the contingent nature of social capital, empirical 

outcomes become far more complex when examining firm performance. 

Reduced constraint, measured by structural hole presence generated a positive 

relationship with market share in the mutual fund industry while an inconclusive relationship 

was demonstrated between measures of closure and market share (Zaheer et al., 2005).  Mixed 

results manifest for the relationship between constraint networks and IPO performance (Echols 

& Tsai, 2005).  Ego network density positively predicted hotel utilization rates (Ingram et al., 

2000).  While no significant relationship manifest between ego network density and return on 

assets in the steel and semiconductor industry’s (Rowley et al., 2000), ego network density was 

negatively related to ROA in the telecommunication industry (Bae et al., 2004).  While 

constraint itself did not manifest a significant impact on performance measured via Tobin’s Q, 

institutional affiliation was negatively related to performance (Kor et al., 2005).  While results 

are mixed between constraint indicators and performance, the relationship between constraint 

indicators and innovativeness manifests contingent positive outcomes. 
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In terms of raw patent count as an indicator of innovativeness, dense ego networks are 

positively related in the steel industry (Rowley et al., 2000) and sparse networks are negatively 

related to innovativeness in the chemical industry (Ahuja, 2000a).  However, a more diverse 

collaboration network was associated with perceived innovativeness amongst entrepreneurs 

(Ruef, 2002).  Blended networks of strong and weak ties were associated with both radical and 

incremental change in a study of U.S. manufacturers (Zahra et al., 2002b).  Extending 

collaborative efforts outside of traditional industry lines increased the overall perceived 

innovativeness of product output (Kotabe et al., 1995).  Essentially, while indication exists that 

constraint networks may positively relate to quantity of innovative output, low constraint 

networks appear to effect the perceived magnitude of innovativeness.  This suggests that an 

interaction exists between complexity of innovation and level of social capital constraint, while 

this relationship is supported in theory-building work (Hill et al., 2003) the specific relationship 

remains promising for empirical study. 

A summary depiction of empirical studies examining constraint networks appears in 

Table 2.3.  The findings here are of a more contingent nature than that observed with access.  For 

purposes of this dissertation, the expectation exists that constraint has a fully contingent 

relationship with quality of collaborative projects.  Because dense networks maximize efficiency 

of social monitoring and accelerate path-dependent learning, it is expected that firms with high 

constraint networks will perform more successfully when pursuing projects closer to their 

existing knowledge base.  Alternately, since sparse networks provide the actor with diverse and 

novel sources of information, they afford an opportunity for more radical combinations.  Thus, it 

is expected that firms with low constraint networks will perform more successfully when 

pursuing projects with components outside their traditional knowledge base. 
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Table 2.3 – Empirical Studies Using Constraint Measures 

Construct Explanation Studies Measures Related Outcomes 
Constraint Ego network density and structural 

hole measures.  Reflects degree of 
interconnectedness of alters. 
 
(Ahuja 2000a; Azoulay and Shane, 2001; 
Bae and Gargiulo 2004; Baum et al., 
2003; Echols and Tsai 2005; Gargiulo 
and Benassi, 2000; Ingram and Roberts, 
2000; Koka and Prescott 2002; 
Krackhardt and Kilduff 2002; McEvily 
and Zaheer, 1999; Papa and Papa 1992; 
Rowley et al., 2004; Soh et al., 2004; 
Zaheer and Bell, 2005) 

14 28 Adoption of practices 
Attitude Similarity 
Brokerage 
Environmental 
Scanning Ability 
Firm Growth  
Firm Performance 
Innovative Output 
R&D Spending 
changes 
Type of Innovation 

Alter 
Similarity 

Extent to which the contacts of an 
actor are similar to that actor on 
one or more attribute 
 
(Davis and Greve, 1997; Galaskiewicz 
and Burt 1991; Gulati 1999; Koka and 
Prescott 2002; Kor and Mahoney 2005; 
Lawless and Anderson 1996; McDonald 
and Westphal 2003; Oliver 1988; Powell 
et al., 1996; Ruef, 2002; Shan et al., 
1994; Tsai, 2002; Walker et al., 1997) 

14 26 Adaptability 
Adoption of practices 
Choice of new 
affiliations 
Firm Performance 
Future Centrality 
Innovation 
Resource Exchange 

Tie Strength Measures of frequency of 
interaction, degree of interaction, 
repetition of interaction.   
 
(Bruderl and Presendorfer, 1998; Rao et 
al., 2000; Rowley et al., 2000; Ruef, 
2002) 

4 19 Adoption of 
Practices 
Firm Performance 
Innovation 
Survival 
Type of Innovation 

Institutional 
Indicators 

Recognition, linking or 
presence/proximity to status-
conferring actors. 
 
(Bell, 2005; Cockburn et al., 2000; Davis 
and Greve, 1997; Galaskiewicz and Burt, 
1991; Galaskiewicz and Wasserman, 
1989; Hager et al., 2004; Harrigan 1985; 
Henisz and Delios, 2001; Kor and 
Mahoney, 2005; McEvily and Zaheer, 
1999; Miner et al., 1990; Palmer et al., 
1993; Pollock and Rindova, 2003; Rao et 
al., 2001; Rindova et al., 2005; Shan et 
al., 1994; Zuckerman, 1999) 

16 52 Adaptability 
Adoption of 
Practices 
Choice of new 
affiliations 
Coverage by status-
conferring agents 
Firm Performance 
Innovations 
Status 
Survival 

(table continues) 
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Table 2.3 (continued). 
 
Construct Explanation Studies Measures Related Outcomes 
Network 
Effects 

Estimation of total network size 
and interconnectedness 
 
(Baum et al., 2003; Christensen and 
Rosenbloom, 1995; Gulati, 1999; Gulati 
and Gargiulo, 1999; Lawless and 
Anderson, 1996; Madhavan et al., 1998; 
Rowley et al., 2004; Shankar and Bayus, 
2003; Soda et al., 2004; Stuart, 1998; 
Uzzi and Spiro, 2005; Venkatraman and 
Lee, 2004) 

13 34 Adoption of 
Practices 
Choice of new 
affiliations 
Adaptiveness/Inertia 
Firm Performance 
Industry/Network 
Performance 

Structural 
Interactions 

Moderating relationships 
involving at least one measure of 
structural capital 
 
(Ahuja, 2000a, 2000b; Bae and Gargiulo, 
2004; Baum et al., 2000; Baum et al., 
2003; Cockburn et al., 2000; Echols and 
Tsai, 2005; Florin et al., 2003; 
Galaskiewicz and Wasserman, 1989; 
Gulati and Higgins, 2003; Hager et al., 
2004; Henisz and Delios, 2001; Lee et 
al., 2001; Madhavan et al., 1998; Miner 
et al., 1990; Rowley et al., 2000; Shankar 
and Bayus, 2003; Singh and Mitchell, 
2005; Soh et al., 2004; Stuart, 1998; 
Subramaniam and Youndt, 2005; Tsai, 
2000, 2001, 2002; Zaheer and Bell, 2005) 

21 68 Adoption of 
Practices 
Choice of new 
affiiations 
Firm performance 
Growth 
Innovation 
Resource exchange 
R&D Spending 
Survival 
Type of innovation 

 
 
 

The Relational Component of Social Capital 

This section discusses research examining the relational component of social capital.  

Where the structural component draws heavily from the work of Coleman (1988) and Burt 

(1995), the relational component is influenced by Granovetter’s (1973, 1982) theories of tie 

strength and Lane and Lubatkin’s (1998) conception of relative absorptive capacity.  The focus 

of this work involves comparison of the types of benefits which accrue from different types of 

ties, particularly weak and strong ties.  In this case, as is characteristic of relational capital in 

general, the emphasis is on differentiating between different types of relationships (Hagedoorn, 

2006; Kogut, 2000; Koza & Lewin, 1998; Teece, 1998).  Two primary topic areas have emerged 
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in the social capital literature, which, for purposes of clarity this dissertation shall refer to as 

depth and breadth of relational capital. 

Depth of relational capital builds from Granovetter’s (1973, 1982) work on tie strength.  

Studies which characterize depth of capital emphasize repetition of interaction, multiple 

concurrent interactions, frequency of interaction and duration of interaction, each of which 

represent common delineating mechanisms between weak and strong ties (Coleman, 1988; 

Granovetter, 1973).  Another area of emphasis for depth studies involves examination of the 

presence of mutual 3’rds or Simmelian triad potential (Krackhardt, 1999).  A third approach 

utilized in depth of capital research involves examining geographic proximity to the partner 

(Nyblom et al., 2003).  Perceptual scale studies are also utilized.  Generally these ask 

respondents to assess degree of embeddedness, trust and/or the quality of the relationship.  In 

each case, the emphasis is on indicators commonly used to distinguish between strong and weak 

relationships (Kale & Singh, 2000). 

Breadth of relational capital addresses the concept of relative absorptive capacity (Lane 

& Lubatkin, 1998).  Here the focus of interest is on the degree of similarity or dissimilarity 

within a dyadic relationship (Dyer et al., 1998; Oliver, 1990).  One common approach involves 

examination of overlap indicators comparing commonalities of activities and strategies (Lavie et 

al., 2006); location of operation (Chung, Singh, & Lee, 2000); and differentiating along age, size, 

governance and other organizational measurement indicators (Gulati et al., 1999).  An additional 

approach involves estimation of partner capabilities such as familiarity with technology, 

incumbent or new entrant status (Afuah, 2000, 2001) and evaluation of innovative or 

performance excellence for the partner (Soh et al., 2004).  In each of these types of studies, the 

focus involves bringing in nodal and dyadic estimates to contextualize relational capital 

(Hagedoorn, 2006; Lavie et al., 2006). 
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From empirical testing research, 32 discreet studies utilizing 202 direct or interaction 

estimates of relational capital have been catalogued.  These include studies using classic 

definitions of strength of ties relating to frequency or intensity of interaction, studies of presence 

of common 3rd parties and perceptual scale measures of depth of relational capital.  Breadth of 

capital studies include studies of similarity or overlap measures as well as studies which focus 

specifically on the capabilities one or both partners bring to a dyad.  The remainder of this 

section consists of more detailed examination of the depth studies and breadth studies.  It 

concludes with the expectations associated with relational capital that will be used through the 

remainder of the dissertation. 

Table 2.4 – Empirical Studies Using Relational Capital 

Construct Explanation Studies Measures Related Outcomes 
Dyadic 
Depth of 
Experience 

Repeated Interaction and duration of 
interaction between two specific 
partners 
 
(Afuah 2000; Chung et al., 2000; Ethiraj et 
al., 2005; Gulati, 1995; Gulati and 
Gargiulo, 1999; Koka and Prescott, 2002; 
Kotabe et al., 2003; Lavie and Rosenthal, 
2006; McEvily and Zaheer, 1999; Papa and 
Papa, 1992; Powell et al., 2005; Soda et al., 
2004; Tsai, 2002; Uzzi, 1997; Venkatraman 
and Lee, 2004; Walker et al., 1997) 

16 36 Adoption of 
Practices 
Choice of new 
affiliations 
Adaptiveness/Inertia 
Environmental 
Scanning Ability 
Resource Exchange 
Firm Performance 
Project Performance 
Trust 

Simmelian 
Ties 

Presence of mutual thirds 
 
(Gulati and Gargiulo, 1999; Chung et al., 
2000; Powell et al., 2005; Uzzi, 1997; 
Gulati, 1995; Ingram and Roberts, 2000) 

6 7 Choice of new 
affiliations 
Trust 
Inertia 

(table continues) 
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Table 2.4 (continued). 
 

Construct Explanation Studies Measures Related Outcomes 
Breadth of 
Dyadic 
Interaction 

Measures of similarity between two 
specific partners 
 
 
 
(Ahuja, 2000; Baum et al., 2000; Chung et 
al., 2000; Gulati, 1995; Gulati and 
Gargiulo, 1999; Ingram and Roberts, 2000; 
Lavie and Rosenthal, 2006; Papa and Papa, 
1992; Powell et al., 2005; Tsai 2000, 2002) 

10 30 Adoption of 
practices 
Choice of new 
affiliation 
Quality of affiliation 
Environmental 
Scanning ability 
Innovation 
R&D Spending 
Adaptiveness/Inertia 
Firm Performance 

Partner 
Capabilities 

Examination of the capability set the 
partner brings to a specific dyadic 
interaction 
 
(Afuah 2000, 2001; Bae and Gargiulo, 
2004; Powell et al., 2005;  Singh and 
Mitchell, 2005; Soh et al., 2004; Stuart, 
2000) 

7 26 Choice of new 
affiliation 
Firm Performance  
Growth 
Innovation 
R&D Spending 

Relational 
Capability 
Scales 

Perceptual measures and aggregate 
indicators of relational capital 
 
 
(Andersson et al., 2002; Gulati, 1995; 
Gulati and Gargiulo, 1999; Hagedoorn, 
1993; Kale et al., 2000; Koka and Prescott, 
2002; Kotabe and Swan, 1995; Kotabe et 
al., 2003; Tsai and Ghoshal, 1998; Yli-
Renko et al., 2001; Zahra and Nielsen, 
2002; Zollo et al., 2002) 

12 40 Choice of new 
affiliation 
Innovation 
Resource Exchange 
Adaptability/Inertia 
New Product 
Introduction 
Status 
Performance 
Type of Innovation 
Trust 

Relational 
Interactions 

Moderating effects involving at 
least one measure of relational 
capital 
 
 
(Afuah 2000, 2001; Gulati and Gargiulo, 
1999; Singh and Mitchell, 2005; Zahra and 
Nielsen, 2002; Zollo et al., 2002) 

6 64 Collaborative 
performance 
Choice of new 
affiliation 
Innovation 
Firm performance 
Growth 
New product 
introduction 
Type of innovation 

 
The Depth of Relational Capital 

The depth component of relational capital captures the degree of familiarity in existence 

between two collaborating firms.  Generally, the greater frequency, intensity, repetitiveness 
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and/or duration of collaborative history between two firms, the more deeply the two firms will 

understand each other (Gulati et al., 2000).  Deeper relationships are characterized by a general 

reduction of uncertainty related to partner behaviors and a heightened level of trust between 

partners (Granovetter, 1985).  Further, deeper collaborative relationships also involve 

development of idiosyncratic partner capabilities which further enhance the interaction between 

two partners (Kogut, 2000).  Such capabilities may include dedicated personnel in each firm 

focusing on aspects of the collaborative partnership, familiarity through exchange of personnel 

during collaboration, development of information systems infrastructures supporting exchange 

and establishment of procedures and processes customized for a specific partner’s needs and 

capabilities (Dyer et al., 1998). 

In general, increased depth of relational capital is associated with positive performance 

outcomes.  Partner firms with deeper relationships generally exhibit greater efficiencies in 

improving ongoing operations (Nambisan, 2002).  Further, because of greater partner 

understanding, deeper relationships manifest time efficiencies in setting up new dyadic 

operations (Larson, 1992; Lorenzoni et al., 1999).  While the general function of the relationship 

is positive, two conditions are found to undermine benefits associated with relational depth. 

The first condition involves inertia.  While deeper, stronger relations provide numerous 

benefits to partnered performance, inertial forces accumulate which eventually surpass 

partnering efficiencies (Granovetter, 1985; Kim et al., 2006).  It appears, therefore, that in 

extreme cases of relational depth the impact on performance becomes negative.  The second 

condition involves introductions of disruptive technologies (Christensen, 1998).  The experience 

benefit associated with relational depth is contextually strongest within the extant knowledge 

domain of past collaborative activities.  During the introduction of disruptive technologies, depth 

of past experience obstructs adaptive learning (Hill et al., 2003; Perry-Smith et al., 2003).  In 
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these conditions working with new partners, particularly new entrants to the field may produce 

the greatest benefits. 

There are three principle mechanisms used to explain the advantages and disadvantages 

accumulating through depth of relational capital.  These mechanisms are the effects of 

accumulated trust and uncertainty reduction, the emergence of idiosyncratic partner capabilities 

and reductions in transaction costs through repeated interaction.  The first two mechanisms 

specifically address learning benefits accruing through repeated interaction while the latter 

focuses these into examination of anticipated economic benefits. 

The first set of mechanisms involves the impact of uncertainty reduction and trust.  

Greater depth in relational interaction offers numerous opportunities for social monitoring and 

social learning about ones partner (Bouty, 2000).  Essentially, deep knowledge achieved through 

partner interaction affords a firm with a fine-grained understanding of their partners common 

methods of operation.  This affords the firm improved relational scanning capabilities leading to 

reduced uncertainty as to a partners likely actions given in a specific setting (Gulati et al., 2000). 

Further, repeated interaction between firms leads to establishment of relational norms and 

protocols guiding future behaviors.  This provides both partners with reduction in uncertainty 

from their partner and guidance in selecting their own relationally appropriate actions.  

Ultimately this reduction in uncertainty and emergence of standards aids in the accumulation of 

trust between partners.  Bouty (2000) argues that each interaction between partners is a test of 

the quality of the relation.  Over time, as partners learn to trust the equitability and fairness of 

collaborative interaction with a partner, deep trusting relations emerge.  While it is hard for 

outsiders to understand the overall magnitude of trusting depth existing between two partners, 

Bouty (2000) argues that voluntary repetition of interaction is evidence that some depth of trust 

exists. 
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While trust and uncertainty reduction focus primarily on behavioral learning between two 

partners, idiosyncratic partnership capabilities reflects synergistic benefits accruing as each 

partner better understands each other’s capability set (Larson, 1992).  Through repeated 

interaction, partners develop understanding of the strengths and weaknesses of their partners.  

Additionally, they learn how to present information in a manner more rapidly assimilated by 

their partner.  For ongoing relations, this may justify acquisition of resources specifically 

associated with leveraging benefits from a particular collaboration.  It also involves creation of 

facilitation processes which improve the quality of the material and informational exchanges 

between two partners.  There is general agreement that such benefits are idiosyncratic to the dyad 

and improve the effectiveness of future interactions between the two partners (Dyer et al., 1998; 

Nambisan, 2002). 

Reduced uncertainty and creation of relationally specific capabilities provide two 

conditions which contribute to the reduction of transaction costs (Williamson, 1999).  Social 

control processes emergent in repeated interaction, reduced uncertainty and increased trust 

between partners also reduces the necessity and reliance on contractual behavioral control 

mechanisms (Coleman, 1988; Dyer et al., 1998).  Reciprocal benefits and goodwill dividends 

also accrue from trust.  Thus, the goodwill characteristic of deep relations offers benefit gains 

which further enhance the cost reductions from repeated collaboration.  Finally, first hand 

knowledge of potential partners is thought to be more easily obtained, more readily usable and 

generally more accurate than external sources of information (Granovetter, 1985).  This means 

that knowledge related to direct partner experience is cheaper than knowledge sourced externally 

leading to overall reductions in the search component of transaction costs.  For these reasons, 

Granovetter (1985) argues that embeddedness benefits are rational from a transaction cost 

analysis perspective.  
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Having discussed the meaning and general expectations of depth of capital, I turn to the 

indicators researchers commonly use as representative indicators of relational depth.  Generally, 

such indicators extend from our understandings of frequency, repetition, intensity and duration 

(Nahapiet et al., 1998).  The frequency of interaction between two partners is often utilized in 

perceptual data studies.  In such studies, a common approach is to ask one respondent to evaluate 

the typical timing between contacts or interactions during collaborative activity (Papa et al., 

1992).  Repetition is a common indicator used in archival studies (Castilla et al., 2000).  In such 

cases, researchers generally include a count of past interactions between two firms and use this 

as a representation of relational depth (Gulati et al., 1999).   

Intensity measures are used in both perceptual and archival studies.  In perceptual studies, 

intensity measures involve scales capturing embeddedness, trust and reliance between two 

partners (Andersson, Forsgren, & Holm, 2002).  Alternately, archival studies focus on proportion 

of activity as a representation of intensity.  As an example, Venkatraman and Lee (2004) used 

the proportion of software titles released on a given console as an indicator of the intensity of 

relation between video game publishers and video game console manufacturers.  A third estimate 

of intensity involves the existence of multiple, simultaneous linkages between two partners.  In 

such cases, the logic of multiplexity, or layers of connectivity, reflects depth of relational capital 

(Koka et al., 2002).  Finally, the presence of common third parties provides another indicator of 

relational intensity (Chung et al., 2000).  Common thirds provide a higher volume, and more 

sources, of trusted information flows when evaluating partner behavior.  This serves to accelerate 

learning benefits, extends quality of partner assessment and offers additional social control 

mechanisms which collectively improve the effectiveness of the collaborative dyad. 

As with intensity, duration based estimation is used in both perceptual and archival 

studies.  In both cases, the focus of interest is on the totality of time-history between two partner 
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firms.  Depending on the interest of the researcher, this may manifest as a lack of duration when 

a firm changes partners (Afuah, 2000, 2001) or an estimation of embeddedness measuring time 

since dyad formation (Kotabe, Martin, & Domoto, 2003). 

 Having reviewed the theory associated with depth of relational capital including 

definition, expectation and explanatory mechanisms I turn to the empirical literature and 

examine studies which test indicators of relational capital depth.  There are three general areas 

which capture the focus of the bulk of these studies.  Those areas include knowledge sharing and 

learning outcomes, choices in future partner selection, and performance indicators associated 

with depth of relational capital. 

Increasing depth of relational capital is argued to improve both the quantity and quality of 

information exchange which increases both partners opportunities for learning (Koka et al., 

2002; Uzzi, 1997).  In particular, duration of relationships in the petrochemical industry is 

positively associated with perception of knowledge sharing (Tsai, 2002).  Managers of firms 

were more likely to report higher levels of learning from a collaboration when the relational 

capital with that business partner was also high (Kale et al., 2000).  Among Swedish 

multinationals, firms with deep business ties were also more likely to invest in more 

technological linkages (Andersson et al., 2002).  Further, within the steel industry, repeated and 

multiplex interactions were associated with the overall richness of information transfer (Koka et 

al., 2002).  In a survey of Midwestern manufacturers, frequency of interaction and proximity 

were each associated with improvements in environmental scanning (McEvily et al., 1999).  

Finally, increased interaction in the insurance industry was associated with adoption of 

innovations created by a firm’s closest relations (Papa et al., 1992).  Within the software 

industry, firms use their long-established partner relations to engage in incremental capability 

and organizing learning activities (Lavie et al., 2006), however in the same study duration was 
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negatively related to more radical learning.  In situations where firms needed to develop new 

capabilities and products, software firms were more likely to turn to new relations.    Similarly, 

amongst U.K. start-ups, depth of relational capital was negatively associated with knowledge 

acquisition (Yli-Renko, Autio, & Sapienza, 2001). 

Depth of social capital is generally positively associated with choice of future partners.  

Investment banks with past interactions, mutually reciprocated past interactions and common 

third parties were more likely to elect the same partners in future collaborations (Chung et al., 

2000).  The presence of mutual thirds and repeated interaction however, did exhibit a 

diminishing returns effect in explaining odds of future collaboration.  In an examination of 

publicly traded U.S., European and Japanese firms, Gulati and Gargiulo (1999) found that past 

history of interaction and presence of mutual third parties each increased the odds of future 

collaborative activity.  In biotech and life sciences, duration of interaction and presence of 

mutual third parties each increases odds of future partner selection (Powell, White, Koput, & 

Owen-Smith, 2005).  Repetition of interaction and intensity of interaction in the video game 

console industry each increase the odds that a game publisher will choose to release future 

software titles on a given console (Venkatraman & Lee, 2004). 

In addition to choice of future partners, repeated interactions generally correspond with 

more favorable relations between partners.  Gulati (1995) found that repeated interaction and 

presence of mutual thirds increased the likelihood that future collaborations would rely on social 

rather than contractual controls.  Uzzi (1997) argues that in the fashion apparel industry repeated 

interactions and common third parties each increase willingness to provide services and solutions 

beyond contractual obligation.  Tsai and Ghoshal (1998) find that shared vision, characteristic of 

deep ties positively relates to evaluation of trustworthiness of potential partners.  In an 
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examination of hoteliers in Sydney, Ingram and Roberts (2000) observe that hotels with common 

third party ties were more likely to indicate mutually friendly relations. 

In terms of performance outcomes associated with relational depth, mixed results abound.  

In the software services industry, project profitability increases with prior relational experience 

(Ethiraj, Kale, Krishnan, & Singh, 2005).  In the automotive manufacturing industry, investment 

in technological specificity between partners positively increased performance perception of U.S. 

managers while increases in technology transfers positively influenced Japanese manager’s 

perceptions of performance (Gulati et al., 1999).  Among managers of biotech and 

pharmaceutical companies’ perception of relational capital positively related to perception of 

collaborative performance (Zollo, Reuer, & Singh, 2002).  In the Italian television production 

industry, projects involving partners with greater duration of interaction and more mutual-

simultaneous projects resulted in productions with greater viewership (Soda, Usai, & Zaheer, 

2004).  Among Swedish multinational firms, perceptions of relational capital depth were 

positively associated with expected performance and perceived improvements (Andersson et al., 

2002).  In the steel industry, increases in information richness led to improvements in sales 

productivity (Koka et al., 2002).  In the automotive industry however, increased duration 

manifest no significant relationship with assessment of performance gains (Kotabe et al., 2003).  

Further in the creation of computer workstations, neither new affiliations nor deep relations 

explained increases in market share (Afuah, 2000).  Finally, in an examination of twenty 

different manufacturing industries various measurements of depth of relational capital provided 

no significant explanation of patent or product creation (Zahra et al., 2002b). 

Several of the conflicting findings are explained through interactions of relational depth 

and other factors.  In his study of computer workstation manufacturers, Afuah (2001) finds that 

during periods of discontinuous change relational duration is negatively related to market share.  
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Additionally, Afuah (2000) argues that incumbent firms who shift to new partner affiliations fare 

better than incumbent firms who do not change. Gulati and Gargiulo (1999) demonstrate that an 

interaction of relational depth predicts choice of new partners to the extent that the potential 

partner has a complementary skill set.  While Zahra and Nielsen (2002) find no direct relational 

capital depth benefit on patent and product output, they find that relational capital depth benefits 

manifest for firms with greater internal capabilities.   

The literature reviewed provides two specific expectations related to depth of relational 

capital.  The first expectation is that increased depth of relational capital correlates with general 

improvements in collaborative efforts and outputs.  These outcome improvements are associated 

with idiosyncratic relational capabilities, reductions of uncertainty and increased trust 

accumulating during repeated and enduring collaborative interaction.  Through the remainder of 

this dissertation, depth of relational capital is therefore anticipated to provide a generally positive 

effect on collaborative output.   

The range of such benefits though, does not accumulate indefinitely.  Evidence suggests 

that some degree of partner complementarily relates to the success of collaborative effort.  

Further, the extent of the complexity, or novelty, of the project appears to influence the value of 

relational depth.  In situations where the project is quite novel, for example projects developed 

during periods of discontinuous technologies, the knowledge accumulating through relational 

capital may itself form an inertial obstructing progress towards development of new capabilities.  

This implies that project complexity and partner complementarities each are expected to 

influence the depth to performance relationship. 

 

The Breadth of Relational Capital 

Where depth of relational capital addresses the partner-specific capabilities and benefits 
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that accrue through repeated interaction, breadth of relational capital addresses the differences in 

resources and capabilities each partner brings to a project (Makadok, 2001).  There are two 

differing but related perspectives composing breadth of relational capital arguments.  The first of 

these involve benefits accruing from strategic overlap, or relative absorptive capacity, between 

firms (Lane et al., 1998; Mcgaughey, 2002) while the second involves collaborative benefits 

which accrue from complementary skill sets (Oliver, 1990).   

Collaborative relationships between firms provide an opportunity for learning between 

partners.  Absorptive capacity has been advanced as a crucial pre-requisite to organizational 

learning (Cohen & Levinthal, 1990) and, in the case of inter-firm learning, the relative absorptive 

capacity is argued to be of paramount importance (Lane et al., 1998).  As initially defined by 

Cohen and Levinthal (1990), absorptive capacity addresses the extent to which knowledge to be 

learned relates to the extant knowledge capacity within the firm.  In inter-firm learning 

situations, this concept has been extended to reflect the relative differences in capability and 

resource sets between firms (Mcgaughey, 2002).   

Lane and Lubatkin (1998) address the benefits of relative absorptive capacity by noting 

“individual learning is greatest when the new knowledge to be assimilated is related to the 

individual’s existing knowledge structure (pg. 463).”  Further, in the relationship between two 

firms, “the more experience the student and teacher firms have in solving similar types of 

problems, the easier it will be for the student firm to be able to find commercial applications for 

the newly assimilated knowledge (pg 466).”  The argument extending from their work suggests 

that for one firm to learn from another, both firms must have at least some degree of competency 

overlap.  Essentially, for one firm to learn from another, a common language must exist to 

facilitate translation and transmission of knowledge. 

The degree of relative absorptive capacity, or overlap, between two firms functions as a 
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Rosetta stone enabling such translation and transmission.  Particularly in high velocity industries 

where path dependent capability sets can rapidly create knowledge transfer barriers, finding a 

common language is a necessary pre-requisite for information transfer (Mcgaughey, 2002).  

Researchers have thus taken an interest in identifying overlap through capabilities and cultures of 

firms with the recognition that the greater the degree of overlap, the easier information 

translation and transmittal occurs (Nambisan, 2002). 

While overlap aids in transmission, the potential benefit of learning and collaboration is 

maximized as the degree of overlap is minimized.  Should two firms possess identical capability 

sets, virtually no learning opportunities exist and further, the collaborative benefit accrued is 

literally a doubling of identical resources and capabilities applied to the same problem (Perry-

Smith et al., 2003).  Full overlap therefore offers an opportunity to accelerate outcomes, but 

minimizes the ability to learn and develop new and novel solutions. 

This leads to a quandary in relative absorptive capacity.  Too much overlap offers the 

best opportunity for transmittal with the least value for transmittal.  Too little overlap offers rich 

opportunities for learning with little likelihood of success in translating and transmitting firm-to-

firm knowledge.  The suggestion emerging from the literature is, therefore, a curvilinear function 

between relative absorptive capacity and collaborative outcomes requiring new solutions (Perry-

Smith et al., 2003).  Alternately, collaborative outcomes requiring incremental improvement may 

follow a direct linear path where increasing overlap increases effectiveness (Koza et al., 1998).   

There are two related, but somewhat conflicting theories used to explain the role of 

breadth of relational capital.  Discussed briefly earlier, these are theories of collaborative 

complementary synergies and theories of relative absorptive capacity.  To clarify the arguments 

which shall form later hypotheses, a discussion of the underlying mechanics for each theory set 

is useful. 
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Collaborative synergy theories focus on the benefits of complementary skill sets in joint 

problem solving activities.  Under this framework, partners experience the maximum 

collaborative benefit when strategic overlap is minimized (Nambisan, 2002; Perry-Smith et al., 

2003).  By partnering with firms possessing differing, but complementary, skill sets each partner 

is able to enjoy the benefits of economies of scope through joint efforts (Hagedoorn, 1993).  

Further, broadening the capability set achieved through reduction of overlap increases the 

creative capability of the endeavor.  This rationale is used to explain performance in a number of 

high-velocity industries, particularly those involving computer hardware and software where the 

pace of change is so great that a firm maximizes benefits by mastering one domain of knowledge 

and partnering with firms who master adjacent domain skill sets (Mcgaughey, 2002). 

Under the collaborative synergy framework, a searching firm is advised to partner with 

firm’s possessing capability excellence in areas outside the searching firm’s skill set.  This 

suggests that the proportional overlap between partners should approach zero, the Euclidean 

distance should be maximized, or that the incumbent-newcomer pairing would outperform other 

combinations.  In this case, the idiosyncratic capability achieved through bilateral symmetry 

generates a unique partnering capability outside and beyond the capability sets of each partnering 

firm (Makadok, 2001). 

Relative absorptive capability theory, by comparison, emphasizes the learning benefits 

accumulated through similarity of knowledge (Lane et al., 1998).  Under this theory framework, 

partners need to have some degree of capability overlap to achieve learning and performance 

outcomes.  Partnering firms are considered as needing some shared language and shared meaning 

to facilitate collaborative activities.  Should the two partners lack any common ground the 

complexity of managing the relationship becomes too burdensome and failure or cessation of 

alliance is likely (Park & Ungson, 2001). 
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Somewhat at odds with complementary synergy theories, this suggests that increasing the 

overlap between firms improves the performance capability of the partnership.  Here, the breadth 

of overlap facilitates collaborative performance in areas such as new product development and a 

heightened degree of alignment maximizes potential for incremental learning (Hoopes & Postrel, 

1999; Nambisan, 2002).  This suggests that benefits accrue as proportion overlap increases or 

Euclidean distance recedes. 

While these two theories appear contradictory, reconciliation exists when two factors are 

considered.  First, relative absorptive capacity does not necessarily suggest a pure linear 

relationship between overlap and learning.  Indeed, it is argued that maximum potential actually 

occurs when the degree of domain similarity is intermediate (Oliver, 1990).  This suggests that 

the benefits from domain overlap follows a curvilinear function where performance gains first 

increase, but then decrease after a point of inflection (Hill et al., 2003).   

The second reconciliation appears when examining the specific nature of the 

collaboration.  Maximizing the breadth of capabilities, which occurs when overlap is minimized, 

is considered to offer the greatest benefits towards creativity and radical innovation (Perry-Smith 

et al., 2003).  Maximizing the overlap between firms, alternately, is argued to offer the greatest 

benefits for incremental learning and innovation (Koza et al., 1998).  When the project 

undertaken is relatively complex, specifically when the partners are developing experience in a 

new arena, minimizing breadth of overlap appears to help in recombination of existing 

knowledge stocks.  Alternately, when the project closely resembles past efforts, breadth of 

overlap minimizes noise and enables the partners to seek incremental benefits.  It therefore 

appears that the relative complexity of the project itself plays a contingent role in determining 

optimal configuration of domain overlap. 

Currently researchers utilize a number of different approaches to estimate the relational 
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capital breadth between two partners.  Some researchers use indicators of capabilities for each 

firm as a benchmark for establishing strategic overlap.  In these cases, areas firms have 

evidenced recent activity are used as indication of some measure of capability in that area.  For 

example, a comparative study of biotech partners utilized areas of research manifest through 

prior patenting activity as an indicator that a firm had some degree of research capacity in a 

given domain of biotech research (Baum et al., 2000; Powell et al., 2005).  Other studies utilize 

resource measures to establish benchmarks for comparison.  Specific examples include age and 

size differences (Powell et al., 2005), social capital differences (Gulati et al., 1999), or cultural 

similarity measured by country of origin (Gulati, 1995) as indicators of resources each partner 

brings to a collaborative venture. 

Once the benchmark for each partner’s capability set has been determined, researchers 

then utilize one of several comparative mechanisms to estimate degree of overlap.  The simplest 

such measure is some variant of dichotomous differences.   For instance, research which 

examines outcomes of collaborations between incumbents and new entrants follow this 

approach.  In these cases, the capability set is estimated through age and industry history and 

catalogued as existing (incumbent) or not-existing (new entrant).  Overlap is determined through 

collaborations of incumbent-incumbent, incumbent-newcomer, and newcomer-newcomer 

(Afuah, 2000, 2001).   

Other approaches take a more complex method of estimating overlap.  One such 

approach involves examining activities of a firm by proportion and then determining the 

proportion of each firm’s competency set which also manifests in the partner firm.  Under these 

models overlap varies from zero to one with one representing complete similarity in proportional 

skill sets (Baum et al., 2000; Chung et al., 2000; Powell et al., 2005).  A second commonly used 

approach models competency breakdowns for each firm in n-dimensional space, where n is the 
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number of competencies potentially existing in the research data set.  Each firm is then 

considered to occupy a single point in n-dimensional space and the Euclidean distance between 

the two firm’s competency placement is used as an estimator of similarity (Ahuja, 2000a; Gulati 

et al., 1999; Lavie et al., 2006).  In these cases, lower numbers represent firms of close proximity 

in skill sets while higher numbers suggest greater distance in competency set.  Whichever 

approach is used, the intent is to express the degree of similarity between partners as an 

explanatory indicator of some outcome of interest. 

Having discussed the two theories which form the basis for breadth of relational capital 

research, I turn attention to empirical findings using constructs from this theory area.  Strategic 

overlap and partner complementary capabilities are generally found to explain three broad areas 

of outcomes.  This includes future partnering opportunities and quality of relationship between 

partners, the performance outcomes for the partnering firms and the partnership itself, and 

innovation outcomes for the partnering firms. 

Among U.S. Investment banks, complementarity of investor base, industry domain 

experience, and regional similarities all provided explanation in choice of future partners (Chung 

et al., 2000).  Country of origin similarities provides useful explanation in whether partnering 

firms required an equity commitment to induce collaboration (Gulati, 1995).  Complementary 

social capital and capabilities each explain choice of alliance formation (Gulati et al., 1999; 

Powell et al., 2005).  Similar quality rating, common chain ownership, and similar market focus 

each increased the likelihood of a friendship linkage in the hotel industry (Ingram et al., 2000).  

In the U.S. software industry, however, Euclidean distance of domain competency offered no 

significant explanation of alliance formation choices (Lavie et al., 2006).  In the biotech industry, 

activity complementarity, measured by Euclidean distance, decreased the likelihood of forming a 

new partnering relation but increased the likelihood of new affiliations with old partners (Powell 
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et al., 2005).  In the same study, firm age and size differences explained collaborative ventures 

with new partners while age differences also explained collaborative ventures with old partners 

(Powell et al., 2005).  Business units in a multi-national corporation were more likely to engage 

in collaborative activities when the degree of knowledge overlap was high and trustworthiness 

increased to the extent partners perceived presence of a shared vision (Tsai, 2000).  Similarly, in 

the petrochemical industry, knowledge overlap was positively related to the extent of knowledge 

sharing occurring between partners (Tsai, 2002). 

Performance outcomes appear to relate specifically to partner capabilities and are 

particularly sensitive to changing environmental conditions.  In the computer hardware industry, 

partner capability obsolescence was negatively related  to firm market share (Afuah, 2000, 

2001).  Switching partners to one with experience in new technologies improved product 

performance but reduced performance to price ratings (Afuah, 2001).  Further, firms with 

experience in an old technology who found a partner with experience in a new domain 

experienced market share growth while those remaining embedded in old knowledge networks 

experienced market share shrinkage.  Collaboration with experienced, incumbent firms, is 

positively related to sales growth (Stuart, 2000).  In the semi-conductor industry, choosing 

partners with high levels of social capital improves sales growth, particularly growth for younger 

firms (Stuart, 2000).   In the telecommunications industry, partners with exceptional social 

capital offer opportunities for increased return on assets and investment (Bae et al., 2004).  

Maintaining relations with firms of similar size, style and market preferences is positively related 

to profitability in the hotel industry (Ingram et al., 2000). 

 Studies which examine innovativeness as a function of breadth of relational capital offer 

support for relative absorptive capacity theory.  In the chemical industry, increased strategic 

distance between partners reduced the number of successful patent applications (Ahuja, 2000a).  
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Similarly, in the biotech industry, increased proportional overlap increases patent output (Baum 

et al., 2000).  Additionally, increased cultural compatibility between firms was positively related 

to the perceived innovativeness of product outputs (Kotabe et al., 1995).  

Based on this review of the literature on breadth of relational capital, several expectations 

emerge which guide the remainder of this dissertation.  Empirical evidence suggests that 

performance and innovation quantity increases with some degree of experience overlap.  

Therefore, the first expectation is that domain similarity positively relates to performance 

outcomes.  This relationship, however, appears to reverse when examining the effects of 

discontinuous technology; under these conditions increased domain overlap appears to reduce 

performance outcomes.   

Interestingly, while theoretical work suggests that benefits of relational overlap increase 

to a point and then decrease, empirical literature leaves this curvilinear relationship unexplored.  

Based on the theoretical arguments though, the second assumption of this dissertation is that the 

positive effects of domain overlap eventually decay and reverse when similarity becomes too 

extreme.  Another discrepancy between theory and empirical literature involves the relationship 

between the relative complexity of the project and the relationship between breadth of relational 

capital and collaborative outcomes.  While the theory literature suggests that high overlap 

benefits incremental learning (Nambisan, 2002) and low overlap benefits radical learning (Perry-

Smith et al., 2003), this remains untested in the empirical literature.   

This becomes a second gap in the breadth of relational capital literature to be investigated 

in this dissertation.  Therefore, the third assumption guiding this dissertation is that the value of 

strategic overlap to collaborative outcomes is contingent on the relative complexity of the 

undertaken project.  When the relative complexity is low and improvements are of an 

incremental nature, a high degree of overlap is beneficial.  Alternately, when the relative 
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complexity of a project is high and performance requires a degree of radical learning, a low 

degree of strategic overlap is beneficial. 

 

 

The Capabilities of the Firm 

This section details theory and empirical findings associated with the dynamic capability 

view of the firm.  The dynamic capability (DC) perspective builds from the Austrian economic 

influenced views of Schumpeter and the evolutionary economic work of Nelson and Winter 

(Nelson et al., 1982; Schumpeter, 1942).  It has received primary attention in recent years 

through the work of Teece and colleagues and Eisenhardt (Eisenhardt et al., 2000; Teece, Pisano, 

& Shuen, 1997).  The key elements of this area of theory are an emphasis on portfolios of 

capabilities and an evolutionary environmental perspective. 

In recent years this perspective has emerged as a complementary view to the industrial 

organizational (IO) view (Porter, 1980) and the resource based view (RBV) (Barney, 1991) of 

the firm (Eisenhardt et al., 2000; Helfat & Peteraf, 2003; Makadok, 2001).  The dynamic 

capability perspective emphasizes a firm-level focus and the study of asymmetrically distributed 

capabilities among competing firms.  These capabilities emerge through positioning and focus 

efforts of firms and result from path dependencies and iterative competencies associated with 

firm learning (Winter, 2003).   

The DC perspective therefore, mirrors RBV in its focus on firm-level portfolios of 

capabilities.  It differs, however, in its emphasis on the evolutionary nature of competency 

creation and its focus on the capability and execution emphasis rather than a specific interest in 

access to pools of resources (Helfat et al., 2003; Rouse & Daellenbach, 2002).  Additionally, the 

DC perspective generally eschews the sustainable competitive advantage arguments built into 
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classic RBV (Teece et al., 1997).  DC favors an evolutionary model of competition where 

advantages ultimately erode in the destructive throws of imitation and innovation (Nelson et al., 

1982; Teece, 1998). 

The DC perspective, mirrors IO in its interest on the positioning tactics of firms.  As I 

will demonstrate, the primary sources of measurement of capability sets extend from observable 

areas of specialization in firm performance.  In this sense, the perspective is not unlike the 

positioning strategies of the firm which form the foundation of firm differentiation in IO (Porter, 

1980).  This is not to say that the low-cost and differentiation strategies of the firm are the 

interest of DC, but rather that researcher estimation of a firm’s capability set draws from 

observable patterns of outputs which are believed to represent the emergent strategic position of 

the firm (Mintzberg, 1978).  DC differs, however, from IO in its interest in the idiosyncratic 

portfolio of capabilities available to each firm.  Thus, rather than grouping the positioning 

activity of the firm into observable categories, DC maintains an interest in subtle differentiation 

in breadth and depth of capabilities along with the paths and processes by which these portfolios 

emerge and develop. 

I have previously argued that the two core elements of the DC perspective are its interest 

in the portfolios of capabilities and an evolutionary environmental perspective.  The general 

thrust of capabilities involves a recognition that firms excel in a range of activities and, further, 

the distribution of capabilities is idiosyncratic to the firm.  One definition of capabilities is that 

"an organizational capability is a high-level routine (or collection of routines) that, together with 

its implementing input flows, confers upon an organization's management a set of decision 

options for producing significant outputs of a particular type (Winter, 2000) pg. 983).”  Helfat 

and Peteraf (2003) similarly define a capability as "the ability of an organization to perform a 

coordinated set of tasks, utilizing organizational resources, for the purpose of achieving a 
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particular end result (pg. 999)."  The emphasis, in both definitions, is on the firm’s ability to 

transform inputs into outputs with the firm’s capability-set ultimately representing an indication 

of its ability or effectiveness in reaching various goals (Helfat et al., 2003). 

The evolutionary environmental perspective which forms the second pillar of the DC 

view positions these capabilities in a non-static world.  The competitive landscape which the 

organization resides in is populated by numerous other organizational entities, each engaging in 

innovative and imitative learning processes (Nelson et al., 1982).  Learning itself is argued as an 

iterative, path-dependent process influenced both by the effectiveness of external search 

mechanisms and the historically influenced position of a firm’s current capability set (Bergman, 

Jantunen, & Saksa, 2004).  At any given point in time, this places each organization in a unique 

capability portfolio position ultimately influencing firm-specific differences in abilities to 

effectively perform specific activities (Helfat & Raubitschek, 2000). 

The path-dependent perspective captures two important points influencing DC research.  

First, while a firm’s capability set is intangible, the performance effectiveness of a firm is 

considered a visible manifestation of the firm’s capabilities (Stock & Tatikonda, 2000).  Second, 

the current manifestation of capabilities is itself influenced by prior period capabilities which are 

themselves estimated through past period performance outcomes (Rouse et al., 2002).  

While a large array of organizational processes may form a basis for a DC investigation, 

product quality and product development are common areas of inquiry (Eisenhardt et al., 2000; 

Helfat et al., 2000; Verona, 1999).  In part this is driven by the importance of production in the 

ultimate success or failure of firms.  It is also because the evolution of a firm’s product 

development and the quality of its product portfolio provides a relatively clear lens to view the 

paths and effectiveness of a firm’s ability to learn and position itself relative to competitors.   
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A firm’s past portfolio of products provides a platform for firm learning (Helfat et al., 

2000).  Additionally, through search routines, the firm may learn vicariously through others, 

particularly others with relevant achievements (Winter, 2000).  By taking the features deemed 

most relevant for future success and applying them to new generations of products, the firm 

leverages internal and external knowledge stocks towards future product portfolios (Gavetti et 

al., 2005).  While all firms likely engage in these search and learning processes, not all firms are 

equally effective in identifying relevant knowledge and applying such knowledge effectively in 

the product development process.  The firm’s absorptive capacity is considered the critical 

conduit enabling or obstructing the effectiveness of both search and learning processes (Cohen et 

al., 1990). 

Cohen and Levinthal’s (1990) contribution of absorptive capacity offers an interesting 

lens in understanding how dynamic capabilities evolve.  In their definition learning is a function 

of past prior knowledge, a concept which links absorptive capacity to the path dependencies 

commonly associated with dynamic capability theories.  Further, they observe the value of both 

intensity of knowledge and diversity of knowledge.  Intensity refers to knowledge depth in a 

given domain while diversity focuses on breadth of knowledge across multiple domains.  In 

essence, two separate knowledge paths are being detailed (Zahra et al., 2002a).  The first path 

involving incremental learning advances along existing paths, this directly relates to the depth of 

knowledge in a given area.  The second path though reflects what might be considered a 

generalists advantage.  In this path, application and linkages across knowledge domains enables 

new and novel recombinations, provided that enough overlap occurs enabling analogical 

comparatives and extensions.  Using Cohen and Levinthal’s guidelines both depth of domain 

knowledge and breadth of knowledge across domains appear important in learning, albeit 

potentially for different learning objectives.  The success, or failure, of a firm to leverage these 
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two types of absorptive capacity in their learning endeavors becomes the linkage mechanism 

bringing together the iterations and path dependencies of dynamic capabilities. 

The notion of two paths for absorptive capacity manifests in more recent application of 

the theory.  Recent arguments suggest that the potential absorptive capacity of a firm at a given 

point in time is a function of the realized absorptive capacity of that firm in recently past time 

periods (Zahra et al., 2002a).  Both the depth of knowledge in a specific domain and breadth of 

knowledge across domains are considered useful and the argument has been advanced that 

absorptive capacity advantages offer starting-point advantages in competitive arenas.  This 

implies that firms with some degree of advantage in either breadth or depth have the potential to 

outperform those with lesser ACAP endowments (Crossan, 1999; Hill et al., 2003).   

The linear nature of absorptive capacity depth lends itself well to incremental 

advancements along clearly defined paths.  This form of ACAP does not transfer well across 

domains and is often associated with firm experience and incumbency (Hill et al., 2003).  Depth 

of ACAP offers the ability to maximize returns on existing knowledge stock, but is itself related 

to inertia associated with over-reliance on past routines.  Therefore, while depth ACAP provides 

benefits in short-time horizons, over time these benefits erode as new technologies generate 

requirements for new capability sets. 

Breadth of ACAP emerges as the source of adaptive advantage associated with moving 

across technology frontiers.  The benefit of breadth ACAP lies in the power of learning through 

analogy (Gavetti et al., 2005).  Through use of comparison between settings or across knowledge 

domains, modular learning emerges as a function of applying and modifying across settings.  

Breadth ACAP functions both because knowledge across domains enhance search opportunities, 

but also because breadth offers more opportunities to “recognize two apparently incongruous sets 

of information and then combine them to arrive at a new schema (Zahra et al., 2002a) pg. 190)."   
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Characterized as spreading competencies around, breadth ACAP offers the potential for ongoing 

adaptive learning and is particularly useful for renewal and radical innovation. 

Ultimately, absorptive capacity provides a clear explanatory mechanism for dynamic 

capability theories (Crossan, 1999).  Through depth ACAP, the path dependencies associated 

with incremental learning are explained.  Alternately, breadth ACAP provides an explanation for 

emergent capabilities associated with renewal and radical innovation.  Taken together, ACAP 

therefore provides explanation of both the linear and discontinuous aspects of evolutionary 

economic theories which provide the basis for the dynamic capability platform. 

Having reviewed the theoretical arguments associated with dynamic capability theory, I 

turn to empirical research in this field.  The approach taken in this section mirrors that used in 

reviews of structural and relational aspects of social capital.  The two dimensions associated with 

incremental and discontinuous innovation, depth and breadth ACAP respectively, are described 

under the headings of depth capabilities and breadth capabilities.  For each dimension, I review 

the measures commonly utilized and the outcomes supported in the literature.  Following the 

reviews of each section I offer a summary of the empirical findings which, blended with the 

theoretical arguments, provides the framing of firm capabilities arguments used in this study. 

Depth Capabilities 

Studies which utilize measures of depth as indication of capabilities typically emphasize 

the magnitude or extent of experience a firm has in a specific activity.  The dominant logic holds 

that having more of a relevant experience base improves the performance capacity relative to 

firms or domains with lesser quantities of experience.  It bears note that the dividends accruing 

through depth pay out specifically in activities closely related to the existing knowledge stock.  

Thus, experience with numerous past alliances is believed to aid performance in future alliances 
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while experience in new product development represents the manifestation of capabilities 

associated with future new product development. 

There are a number of ways empirical studies model presence, or lack of, experience.  

For simplicity these approaches range from dichotomous indicators, to continuous indicators, to 

perceptual indicators although multiple approaches exist for each.  Dichotomous measures, by 

nature, treat experience as simply present or absent.  There are two common research streams 

utilizing this approach, positioning and incumbency studies.  In positioning studies, past 

indicators of a firm’s efforts are considered an indication of competency development.  For 

example, radio stations with a past emphasis on a specific format (i.e. adult contemporary, sports 

talk, etc.) are viewed as experienced in their area of specialization (Greve, 1996).  Similarly, a 

product portfolio with ‘high-tech’ products represents capability in ‘high-tech’ arenas (Jones, 

2003).   

The second common approach to dichotomous studies involves simple distinction 

between incumbency and newness.  Here, presence in an industry is viewed as representing 

manifestation of key success factors for performance in that industry (Afuah, 2000; Christensen 

& Rosenbloom, 2000).  Newcomers are viewed as potentially lacking infrastructure, processes 

and experiences relevant to the industry which plays out in two potential themes.  The first theme 

is the tendency for newcomers to serve as rule breakers to incumbent rule makers.  Here, 

incumbency is viewed as a liability in that the capabilities relevant to past success are 

undermined by newcomers intent on changing the rules of engagement.  The second theme in the 

incumbency/newcomer approach is to treat newness as a liability.  Here the focus often takes on 

a distinctly institutional flavor wherein newcomers are considered lacking the legitimacy 

dividend associated with incumbency.  There is no clear indication that these two perspectives 

are competitive, indeed they form a complementary basis for explaining incumbency/newcomer 
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competition (Christensen, 1998).  Incumbents thrive to the extent that the dominant rules of 

engagement, those in which they have established capabilities, remain relevant.  Meanwhile 

newcomers, struggling for survival, must bend or break the establishment to provide room for 

their existence. 

They key element of dichotomous measure studies is their emphasis on existence of a 

capability without measurement of degree of capability.  Incumbency, for example, is treated as 

a given.  A firm is incumbent or they or not.  Similarly focus in a specific competitive niche is 

indication of manifestation of capabilities associated with that niche.  The advantage of such 

measures stem from their ease of deployment, however this ease also potentially undermines its 

utility.  If the dominant logic of dynamic capability theories suggests that firm capability sets are 

idiosyncratic, a two category subset seems ill-equipped to capture the nuance suggested by 

theory. 

The continuous indicator approach represents an attempt to address the limitations of 

dichotomous measures.  Here, differentiation of capability is by degree not by existence.  The 

domains measured are similar to those of dichotomous studies, but effort is made to grade depth 

of experience.  Three types of measures are common with studies of this type, count measures, 

temporal measures and intensity measures. 

Count measures generally build off the positioning and incumbency logic common in 

dichotomous measures.  Here, however, the number of repetitions of an act serves as the 

indication of a capability set associated with that act.  Thus, the number of new products 

introduced over a period of time is considered representative of a capability set supporting new 

product development (Stern & Henderson, 2004).  Similarly, the number of alliances a firm has 

engaged in suggests the presence of infrastructure and processes supporting future alliance 

activity (Kale, Dyer, & Singh, 2002).   
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Temporal measures emphasize duration and time intervals, rather than iterations, as an 

indicator of capability.  The time interval between activities are assumed to indicate current 

manifestation of a capability set.  In this case, logic suggests that unpracticed capabilities 

gradually erode, so the most recently demonstrated capability set has the strongest likelihood of 

existence.  Thus, the time between past acquisitions is thought to represent a capability for 

acquisition activity (Hayward, 2002).  Similarly, the average age of a firm’s patents is thought to 

represent a manifestation of current capability to generate patentable research (Ahuja & Katila, 

2004).  In each case, the lower the indicator, the argument suggests the greater likelihood that the 

relevant skill set to replicate this activity remains present. 

Duration measures focus on how long a firm has engaged in a specific activity.  Here the 

emphasis is on the likelihood of existing routines supporting this type of activity.  For instance, 

the number of years since a firm first went international is used as an indicator of a global 

business infrastructure (Henisz et al., 2001).  Similarly, the average life in years of a product 

offering is considered representative of a capability set supporting the production and delivery of 

that group of products (Jones, 2003).  In these cases, increases in the duration indicator suggest 

increased presence of a relevant capability set. 

Intensity indicators attempt to address how much focus a firm exerts on a specific 

activity.  The logic driving these indicators suggests that areas of the highest proportion or 

intensity represent core competencies or key strategic focus areas of the firm.  As such, these 

areas are believed to receive a super-ordinate degree of attention.  There are three common forms 

of intensity measures: measures of firm investment intensity, measures of firm output intensity 

and measures of a firm’s dominance. 

Investment intensity measures capture the extent to which resources are directed to a 

specific area.  It is believed that investment intensity represents the extent to which management 
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emphasizes the competitive necessity of a specific organizational function.  Since these are 

strategic focus areas, logic follows that capability sets supporting these focus areas will develop.  

Thus, firms with a greater R&D intensity are considered more focused on research activities and, 

therefore, more likely to have requisite skills and resources available to support research (Kor et 

al., 2005; Nicholls-Nixon et al., 2003; Tsai, 2001).  Similarly, marketing intensity is considered 

indicative of a firms strategic focus on competitive advantage achieved through marketing 

endeavors (Kor et al., 2005).  Researchers utilize both the intensity of investment as well as the 

change in intensity of investment as indication of the present strategic focus of the firm (Dutta, 

Narasimhan, & Rajiv, 2005). 

Where investment measures examine some degree of resource input intensity, output 

measures examine the extent to which a specific activity represents a substantial portion of a 

firms output portfolio.  One way to characterize the distinction between investment and output 

intensity is to consider the difference between intended and emergent strategy.  Investment 

measures capture the intended, and perhaps future, focus of a firms capability set.  Output 

measures, alternately, provide a somewhat clear indication of recent or current capabilities.  For 

example, the proportion of software products released on a given video game console indicates a 

producers current capability set supporting that specific console (Venkatraman et al., 2004).  

Similarly, the proportion of patent citations from the same research domain is thought to 

represent a knowledge capability specific to that domain (Nerkar & Roberts, 2004).  Also, a 

proportion of sales in a given channel such as cardiovascular related sales relative to all sales for 

a biotech firm are considered indicative of a firms capability supporting that specific market 

segment (Cockburn & Henderson, 2000).  In each of these types of measures, the intent of the 

research is to identify areas of capability manifestation. 
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Finally, measures of firm dominance represent intensity indicators suggesting the extent 

to which a given firm represents the rule-maker in a specific market segment.  Here, the literature 

takes on an incumbency-advantage flavor common in an institutional theory perspective.  To the 

extent that a firm is the dominant player in a segment, the logic here suggests that this firm is 

able to influence market perceptions of legitimacy in a manner beneficial to the incumbent.  

Thus, barring a competency destroying event, firm dominance measures suggest the past 

capabilities of the firm will remain the relevant capabilities for that industry in the near future.  

For example, in the video game industry, the extent to which a publisher represents the dominant 

share of titles released on a hardware platform suggests that said publisher holds the relevant 

legitimacy dividend for that console (Venkatraman et al., 2004).  Consumers who own this 

console are likely to consider titles released by this publisher as more legitimate and the standard 

by which other publishers are judged.  Similarly, firms which hold a disproportional advantage in 

product quality awards in a given industry are considered to have a legitimacy dividend and 

enjoy enhanced status and quality perceptions from the market customer base (Miller & Shamsie, 

1996; Soh et al., 2004).  Finally, firms which have market dominance, as measured by market 

share are considered the prominent firms in an industry and have legitimacy advantages relative 

to lesser endowed competitors (Baum et al., 2003). 

The final category of depth indicators involve perceptual scale measures.  Here the data 

moves from archival to self-report and the focus of the research involves measuring the extent to 

which a respondent believes his or her firm has experience or capabilities in a given area.  For 

example, scale indicators have been deployed to assess a firm respondents perceptions of that 

firms alliance capabilities (Zollo et al., 2002), manufacturing technology capability (Zahra et al., 

2002b) and level of management information technology knowledge (Ray, Barney, & Muhanna, 

2004).  In these studies, knowledgeable organizational respondents are considered reliable in 
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providing estimates of the current capability set of the firm.  It is worth noting that the propensity 

of findings of such studies do not differ substantially from findings using archival indicators 

lending some complementary confidence to both approaches. 

Where the past paragraphs have examined the myriad measures associated with 

capability presence, attention now turns to outcomes commonly associated with the presence of 

capability depth.  There are four direct categories of outcome measures associated with depth of 

capability studies as well as an examination of moderating relationships examined with depth 

measures.  The direct effects include adoption practices, alliance practices, firm performance and 

firm innovation. 

Adoption studies examine the particular mix of characteristics which predict deployment 

of a specific business practice.  In general, depth indicators suggest that a firm which has a great 

deal of relevant experience will continue down the pre-existing paths of its segment while firms 

with depth of unrelated experience will resist adoption.  For instance, among U.S. commercial 

radio stations, firms which used the adult contemporary or soft adult contemporary format were 

more likely to use, and remain using, the soft adult contemporary format than were firms with a 

strategic focus in news radio or sports radio (Greve, 1996).  In the telecom and computer 

industries, firms which received awards were more likely to increase future R&D expenditures 

(Soh et al., 2004).  In the U.S. video game industry, publishers were more likely to release 

software products for consoles with which they had past experience although this effect was 

reduced for firms whose product offerings were too similar to other products released on the 

same platform (Venkatraman et al., 2004).  Among Japanese publicly traded firms, firms with 

more international experience and more region specific experience were found most likely to 

increase their international presence in a given region (Henisz et al., 2001).  In a survey of 

Midwestern manufacturers, incumbency measured by firm age was found to positively predict 
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adoption of pollution prevention practices (McEvily et al., 1999).  Among U.S. Fortune 500 

firms, firms with a sales background or institutional ownership as well as firms with 

diversification and acquisition experience were more likely to adopt the multidivisional form 

(Palmer et al., 1993).  Finally, relative absence of capabilities, measured through poor prior 

period performance, was found to positively relate to mimicry or imitation of industry recipes, 

although such mimicry was not found to relate positively to future performance (McDonald et 

al., 2003).   

Evidence supporting the relationship between depth of experience and adoption is mixed 

though with some conflicting results observed.  For instance, in Greve’s (1996) study, the rules 

for past capabilities were less likely to remain intact after change of station ownership.  All firms 

engaging in ownership change in the Greve sample were found to have a higher likelihood of 

switching to the soft adult contemporary format.  Additionally, while receipt of awards was 

generally associated with increased R&D expenditure, the firms which had won the largest 

proportion of past award were found to decrease R&D spending (Soh et al., 2004). 

While some researchers have examined the relationship between depth of experience and 

adoption, others focus on the role depth of experience plays in determining inter-organizational 

relationships and their outcomes.  Certain firm depth capabilities are believed to directly 

influence the utilization of and relative success with firm alliance activity.  In the semiconductor 

industry, firms with greater management experience and greater size of the management group 

were more likely to engage in alliance activity as were firms with a concentrated focus in product 

innovations (Eisenhardt et al., 1990).  Among firms in the Canadian Investment Banking 

industry, firms with market dominance were found to have a greater likelihood of developing 

boundary spanning ties (Baum et al., 2003).  In a study of biotech firms, innovativeness 

measured by number of new product released positively predicted use of alliances (Rothaermel 
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& Deeds, 2004).  The same study also found a positive relationship between firm size and 

predilection to utilize alliances.  In another study of biotech firms overall experience with 

alliances was positively related to the likelihood of allying with a new partner (Powell et al., 

2005).  In the U.S. software industry, the number of past R&D alliances was found to positively 

predict use of future R&D alliances and, additionally, firms with greater R&D intensity were 

more likely to engage in new alliances (Lavie et al., 2006).  Among chemical firms, innovative 

capability measured by patent count and firm size, measured by total assets, were each found to 

positively predict the number of new alliances a firm entered (Ahuja, 2000b).   

Once again though, the evidence is somewhat mixed involving the relationship between 

depth of experience and alliance formation.  Interestingly, while indicators of a capability 

supporting alliances seems to predict utilization of future alliance strategies, at this time, 

researchers have not found evidence that the presence of alliance capabilities support successful 

alliance activity (Zollo et al., 2002).   In a third study of biotech firms, greater innovation 

capability measured by patent count was expected to predict the number of alliances, although 

this relationship was not supported (Shan et al., 1994).    

In terms of firm specific performance, evidence generally suggests that superior 

capabilities generate a number of positive performance benefits.  For publicly traded firms, total 

number of acquisitions is negatively related to performance, however providing adequate spacing 

between acquisitions increased the likelihood of positive acquisition performance (Hayward, 

2002).  In the hospital software industry, having experience in high-tech or moderate-tech 

product development increased the likelihood for firm survival (Singh, 1997).  In a study of U.S. 

franchising activity, managerial experience for the franchisee increased the likelihood of survival 

of the new franchise (Azoulay & Shane, 2001).  In a study of new IPO’s, increased levels of 

human capital were positively associated with greater accumulation of financial capital (Florin et 
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al., 2003).  Among personal computer manufacturers, firms which demonstrated incremental 

learning through iterative releases in their primary product line were more likely to remain in 

business (Stern et al., 2004).  In a study of high-tech IPO’s, firms with greater R&D intensity 

were found to have greater firm performance, measured by Tobin’s Q (Kor et al., 2005).  In a 

study of the global PBX industry incumbents, firms with longer average product life spans, firms 

with greater product introduction rates and firms which were able to position product families 

beyond the life of the initial products were more likely to survive (Jones, 2003).  In the semi-

conductor industry, firms with a greater level of human capital were more likely to experience 

growth (Eisenhardt et al., 1990).  In another study of IPO activity, firms which were better able 

to manage public announcements were found to have greater IPO volume (Pollock et al., 2003).  

In a study of the software services industry, firms with greater project management capabilities 

were found to enjoy greater project profitability (Ethiraj et al., 2005).  Finally, in a study of 

Broadway musicals, creative teams with a longer collective collaborative history and a history of 

past successes were more likely to produce musicals which achieved critical acclaim and 

financial performance (Uzzi et al., 2005). 

Depth of capabilities are considered integral in generation of future innovations.  In the 

U.S. chemical industry, firms with greater patenting frequency were more likely to generate 

higher future patent counts and were more likely to demonstrate greater search capabilities on 

future patent output (Ahuja et al., 2004).  Additionally, firms in the chemical industry were 

found to have higher patent output when they engaged in higher levels of R&D spending and 

when they more frequently engaged in alliance activity (Ahuja, 2000a).  R&D intensity is also 

positively associated with above expectation quantity of innovativeness (Tsai, 2001).   

While depth of experience seems to relate to quantity of output, the situation appears to 

reverse when examining the quality, novelty, or uniqueness of outputs.  In two separate studies, 
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firm incumbency was found to be negatively related to the perceived innovativeness of a firm’s 

patent applications (Kotabe et al., 1995; Ruef, 2002).  Firms in the pharmaceutical industry 

which had higher levels of patenting activity and marketing intensity were found to enjoy greater 

success with their new product offerings (Nerkar et al., 2004).  Among international robotics 

firms, those firms who were able to repeat innovations from a single patent line were able to 

generate more new product offerings, although over-reliance on a single patent line appears to 

have detrimental effects (Katila & Ahuja, 2002).  In separate studies of the biotech industry, 

R&D intensity, market dominance and alliance experience were each associated with increased 

patent counts (Cockburn et al., 2000; Nicholls-Nixon et al., 2003; Rothaermel et al., 2004). 

A number of studies have examined moderating roles of depth of experience.  Among 

high-tech IPO’s two depth capability measures, R&D intensity and management capability, 

demonstrated a positive interactive effect on firm profitability (Kor et al., 2005).  Among 

semiconductor companies, an interaction between management capital and external market 

conditions positively related to firm growth (Eisenhardt et al., 1990).  In the chemical industry, 

the technical capabilities of large firms had less of an impact on new alliance formation than did 

technical capabilities of small firms (Ahuja, 2000b).  In a study of U.S. joint ventures, the 

interaction of marketing capabilities and technical capabilities had a positive relationship to 

performance in uncertain environmental conditions, but this relationship did not manifest in 

more stable environments (Song, Droge, Hanvanich, & Calantone, 2005).  Firms with a greater 

depth of experience with a specific computer hardware platform were more likely to fail when 

moving to a new market segment (Stern et al., 2004).  

In general, the findings of empirical studies using depth of experience supports the 

theoretical arguments.  Firms with more of a specific capability tend to excel at the execution of 

tasks related to that capability.  The relationships are generally positive and linear and the 
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benefits of experience accrue across a number of beneficial firm outcomes.  However, two 

interesting findings emerge which suggest limits to the nature of experience benefits.  First, over-

reliance on depth of experience does not produce uniformly positive results.  Specifically in the 

PBX industry, product line and product family life were positively related to firm survival, but 

second order effects for both constructs were negatively related to survival (Jones, 2003).  

Similarly in the robotic industry, extending the innovation stream of a single patent line was 

positively related to increased product offerings, however again the second order effect was 

negative (Katila et al., 2002).  This suggests that depth of experience produces positive benefits 

to a point of inflection, however it remains undetermined whether the inflection represents a 

point of diminishing returns or a true inverted u-shape with negative implications of increasing 

experience. 

The second finding related to adverse effects of experience depth relates to the mobility 

of experience.  Generally the experience dividend accrues for areas directly related to the 

experience capability.  Increasing levels of experience, however appears to lock a firm into its 

current path trajectory.  This, in part, explains why experience in one product market segment 

obstructs movement into other segments for the same technology (Cottrell & Nault, 2004).  

Further, while quantity of output appears to be a commonly noted benefit of experience, quality 

of output is less supported.  While human capital explained tendency for high regard and reviews 

among Broadway musicals and the prominence assigned to MBA programs (Rindova et al., 

2005; Uzzi et al., 2005), the general innovativeness and creativeness of incumbents is often 

found to be less impressive than that of new entrants (Christensen et al., 2000; Kotabe et al., 

1995).  Taken together, these findings suggest that depth experience benefits are contextual.  

Provided the depth of experience is applied in a linear fashion to activities highly similar to the 

extant knowledge stock, experience improves performance.  However, having an abundance of 
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experience in one segment may, in fact obstruct the ability to perform in other areas.  This latter 

finding suggests that both depth and breadth of focus may interact, a finding which is supported 

in the following review of breadth of experience studies. 

 

Breadth Capabilities 

Where the depth capability studies suggest that depth provides performance capability, 

breadth capability studies suggest that breadth generates adaptive capabilities leading to the 

evolution of more radical changes in dynamic capabilities.  This is a consistent theme in the 

theoretical literature contrasting depth and breadth and may be summed up using the adages 

‘practice makes perfect’ and ‘jack of all trades, master of none.’  The general thrust of empirical 

studies examining breadth of capability attempts to address the concentration, or dispersion, of 

focus within a firm’s capability portfolio.  Where depth explores whether a present firm action is 

supported directly by past firm actions, in breadth the interest is on how a given activity fits 

within the totality of a firms past activities.  It is less about whether a firm has specific 

experience at that activity and more about whether a firm’s only experience is with that activity. 

There are a number of ways empirical studies model breadth of experience.  For 

simplification purposes these will be categorized into four types of indicators – degree of 

similarity, portfolio count approaches, portfolio proportion approaches and self-report studies.  

The first of these categories models the extent to which a given activity is related to past 

activities. These studies attempt to assess the renewal learning efforts of a firm and range from 

examining similarity of acquisition activity to attempts to release products into new market 

segments (Cottrell et al., 2004; Hayward, 2002).  Depth of experience arguments suggest that the 

actions in areas where the firm has little experience are not likely to be successful.  Interestingly, 
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from a breadth perspective, small scale explorations which are themselves ‘failures’ can generate 

success in the firm’s primary activity area (Hayward, 2002).   

The point here is that the degree of relatedness of an activity influences the relative 

complexity of that activity.  Increased relative complexity negatively relates to the performance 

outcome of that specific activity.  From a renewal perspective however, patterns of singular 

‘failures’ from engaging in relatively complex acts provides important long-term learning 

benefits. 

The second category of studies assesses breadth capabilities by counting domains of 

activity.  Building off the logic from the preceding paragraph, exploration outside a firms 

primary capability area leads to long term organizational benefits.  Studies in this segment seek 

to assess the validity of this argument.  By counting the number of domains of activity a firm 

engages in, researchers attempt to model whether a firm exhibits a pattern of learning activities 

or whether it simply maintains concentrated focus into core activities (Cottrell et al., 2004; 

Singh, 1997).  Studies of this nature do not distinguish between proportion of activity, however 

so it remains somewhat unclear whether these indicators model learning thrusts or truly 

diversified portfolios. 

The third category of studies use proportional portfolio measures attempt to address the 

extent to which a firm has a truly diversified strategy, a truly focused strategy or a focused 

strategy with learning activities.  There are essentially three methods used to estimate 

proportions of activities.  The first of these methods involves using a sum of past relatedness 

differences.  This takes into account the relative complexity of projects as do measures of 

similarity.  In this method, the measure is generally a sum of Euclidean distances where each 

project is ranked on similarity across n-dimensions (Lavie et al., 2006).  Firms with larger values 

for these types of measures are generally viewed as engaging more frequently in activities which 
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are of differing scope and complexity.  The second method involves examining the heterogeneity 

of the project portfolio using a proportion-weighted measure such as Blau’s heterogeneity index.  

Under this approach the portfolio of capabilities or the portfolio of activities of a firm are 

catalogued by their proportion relative to the total.  The formula takes the form: 

Equation 2.4 – Blau's Heterogeneity Index 

∑−= 21 ipBlau  
p = proportion of group members in any given category 
i = number of different categories 

Modeled in this way, a firm with a greater concentration of activity in a single area will have a 

relatively low Blau-score approaching zero with complete concentration.  Firms which evenly 

spread their activities across a number of domains will generate higher scores (Ahuja et al., 

2004).   

The third method uses an entropy index in a manner similar to Blau’s.  Here, the method 

involves estimation of the probability that a new activity will come from a given domain given 

the firm’s past proportion of activity within that domain.  Within the business strategy literature, 

the formula takes the form: 

Equation 2.5 – Entropy Index 

[ ]∑−= )ln( ii ppEntropy  
p = probability that an activity occurs within category i 
i = number of different categories 

Under this method, a firm which routinely engages in activities of a single type will generate an 

entropy measure of 0.  Firms with increasing levels of activity diversification across a number of 

activities categories will produce progressively higher entropy measures (Cottrell et al., 2004; 

Ruef, 2002; Stern et al., 2004).  Therefore, from an interpretability standpoint, this indicator 

functions identically to the Blau-based measures, although it offers potential for a larger 

dispersion of values than does the Blau measure. 
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The final category of breadth measures involves application of self-report data.  As with 

other such measures, the approach here is to use one or more respondents from an organization 

as a representative expert of that organization’s capability set.  In general, some form of survey-

scale is utilized to assess a breadth indicator.  For example, measures of activity relatedness are 

used to assess degree of similarity producing scales conceptually similar to the similarity 

indicators discussed earlier (Tatikonda & Rosenthal, 2000).  Additionally, scales have been used 

to assess flexibility and rotation, or conversely formalization and rigidity, to estimate the extent 

to which a firm engages in focused or broad activities (Jansen, Van Den Bosch, & Volberda, 

2005). 

Breadth based measures are not deployed as frequently as depth based measures and the 

deployment of breadth based measures often occurs in conjunction with depth based measures.  

The outcomes of interest are often similar to those found in depth based studies.  For 

simplification purposes, three direct effect categories are detailed followed by studies examining 

interactions of breadth measures and some other measure. 

The first category addressed in this summary of empirical breadth based measures is the 

category of adaptation.  The theory arguments advanced for broad experience benefits often 

focus on the adaptability of generalists and empirical research documents findings consistent 

with theory.  In the software industry, firms who have historically produced products in multiple 

categories remain more likely to do so in future periods (Lavie et al., 2006).  In the chemical 

industry, firms which have recently increased their global diversification are more likely to 

engage in broader search activities, although firms having the broadest international footprint are 

less likely to engage in broad search activities (Ahuja et al., 2004).  In the same study, Ahuja and 

Katila (2004) also found that firms who have historically used broad domain searches in past 

patent applications are likely to continue to evidence broad search activity in future applications.  
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In the pharmaceutical industry, firms with more breadth of experience across technology and 

market categories enjoyed greater first-year sales on product introductions (Nerkar et al., 2004).  

In another study of the software industry, publishers who added new applications to existing 

products and publishers who released existing products on multiple platforms were more likely 

to succeed (Cottrell et al., 2004).  While Cottrell and Nault (2004) demonstrate that some breadth 

of activity is beneficial they find that excessive breadth proves harmful.  Specifically, publishers 

whose products appeared on the largest number of platforms and products with the largest 

number of bundled services were those most likely to fail.  Across units of a multinational bank, 

activities which increased breadth of experience, such as job rotation, increased overall learning 

potential of the firm while breadth narrowing activities such as routinization reduced learning 

potential (Jansen et al., 2005). 

The second category of outcomes examined in breadth of experience studies involves 

performance outcomes.  Here, findings are mixed and inconclusive in determining the value of 

breadth of experience and firm performance.  Among firms engaging in acquisition, SIC 

similarity is positively related to acquisition performance to a point, but the benefits diminish 

should too much similarity manifest (Hayward, 2002).  In the same study though, Hayward 

(2002) notes that firms who had a number of small acquisitions with losses, dubbed learning 

experiences, were more likely to have greater acquisition performance experiences and were 

more likely to be rated positively by industry analysts.    Among computer hardware 

manufacturers, a diversified portfolio measured by proportional sales was negatively related to 

firm failure, however increasing diversification by adding products dissimilar to prior releases 

was positively related to firm failure (Stern et al., 2004).  In the semi-conductor industry, broader 

experience among management teams was positively associated with growth in sales (Eisenhardt 

et al., 1990).  Similarly, among high-tech firms, diversity of experience amongst managers was 
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positively related to performance measured by return on investment and sales growth (Smith, 

Smith, Sims Jr., O'Bannon, & Scully, 1994).  Production teams for Broadway musicals with 

more diverse experience sets generated productions enjoying greater critical review and higher 

financial performance (Uzzi et al., 2005).  Among Fortune 500 firms, diversification across 

product and market categories is positively associated with return on sales performance (Hansen, 

Perry, & Reese, 2004).   

The evidence is not completely in favor of a positive relationship between breadth and 

performance.  Interestingly, in the hospital software industry technological diversity, measured 

by product releases across complexity-categories, and diversity in new product portfolios had no 

significant impact on firm survival (Singh, 1997).  Similarly, among not-for-profit firms and 

firms preparing for IPO’s, increasing levels of diversity provided no significant explanation for 

performance success (Echols et al., 2005; Hager et al., 2004).  This replicates the mixed findings 

of Cotrell and Nault (2004) documented previously.  In their study, producers of software who 

offered more products, products in more categories and who were more diversified 

proportionally across platforms were less likely to fail, but firms who released products on the 

largest number of platforms and were proportionally more diversified across categories of 

products were more likely to fail.   

The third category of outcomes investigated by breadth of experience studies involves 

innovation oriented outcomes.  Here, the interest is on the extent to which a diversified 

experience base helps either the quantity or quality of innovation outputs.  Among U.S. 

entrepreneurs, functional diversity of management was positively related to perceptions of 

innovativeness (Ruef, 2002).  Among robotic firms, breadth of experience in search routines was 

positively associated with the number of new products reaching the market (Katila et al., 2002).  

In the chemical industry, firms with a broader experience base were found to produce more 
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patentable innovations (Ahuja, 2000a).  In a follow-up study of chemical firms, however, the 

breadth benefits associated with spreading activities across different market segments did not 

explain patent output after controlling for breadth of search activities (Ahuja et al., 2004).  In that 

study, Ahuja and Katila (2004) also found diminishing return effects for breadth of search across 

scientific and geographic domains.  The most extensive set of studies using breadth measures 

focus on the biotech industry.  In this industry, broad experience across product segments is 

associated with increased patent output (Shan et al., 1994).  Diversity of experience among 

management, however, demonstrates no explanatory value in explaining patent output (Nicholls-

Nixon et al., 2003).  In another study, the number of market segments a biotech firm engaged in 

positively related to the number of products in development, but negatively related to the number 

of products successfully being brought to market (Rothaermel et al., 2004).  Finally, in an 

examination of product domain and geographic search, firms who generated research in similar 

domains but engaged in broad geographic search and firms who researched products in new 

domains while engaging in local search were each more likely to produce a breakthrough 

innovation (Phene, Fladmoe-Lindquist, & Marsh, 2006).  Phene and colleagues (2006) also 

demonstrated diminishing return effects for the latter relationship and found no conclusive 

benefit from broad domain and broad geographic activity. 

Mixed evidence abounds in the direct examination of breadth of experience.  While the 

propensity of relationships appear beneficial, diminishing returns, negative relations for extreme 

diversity and insignificant relations all appear.  By and large this offers strong evidence for a 

contingent value for breadth experience.  In part this manifests in the curvilinear function 

suggested by absorptive capacity itself, some overlap is useful while too much (and too little) is 

detrimental.  Alternately though, how much and what type of breadth appears contingent on what 

type of activity and how deep the experiences a firm has in a specific area.   
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Researchers have investigated the complexity of this relationship using a moderating role 

of depth and breadth.  For example, among industrial robotics firms, depth of experience and 

breadth of experience each positively explain the number of new product introductions, although 

depth shows diminishing return benefits (Katila et al., 2002).  The interaction of depth and 

breadth evidences additional explanatory power in this study, implying that firms with depth of 

focus and breadth of experimentation outperform pure specialists (all depth, no breadth) and pure 

generalists (all breadth, little depth).  In the pharmaceutical industry depth of experience, but not 

breadth of experience, was positively related to the success of new product ventures as measured 

by first year product sales (Nerkar et al., 2004).  In this study, the interaction of depth and 

breadth had a negative impact on first year product sales implying that, from a financial 

perspective, pure specialists outperformed other approaches in terms of sales generated by new 

product introductions.  Finally, in the microcomputer industry, firms which attempted to build 

new product platforms for new product categories were more likely to fail than firms which 

chose to expand new product lines (Cottrell et al., 2004).  Interestingly Cottrell and Nault (2004) 

find that firms choosing to expand across categories actually reduced their likelihood of product 

failure.  The implication here is that some activities outside a firm’s area of experience, or 

learning activities, are beneficial while others may be detrimental but the culmination of too 

much newness is overwhelming. 

 

Breadth and Depth Interactions 

The interaction of breadth and depth is interesting in several ways.  First, there are at least 

three configurations of a breadth and depth interaction.  Firms can function as a pure specialist 

(all depth, no breadth), a pure generalist (all breadth, little depth), or a third configuration 

involving single area specialization with exploration thrusts into other areas.  This third 
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configuration appears to identify specialized firms with learning proclivities, which for now I 

will refer to as learning firms.  These short-term thrusts appear focused on gaining some new 

knowledge to bring back to their working domain.   

Of the various measures for representing breadth, only the proportion indicators appear 

useful in identifying these three configurations.  A count measure or a similarity measure would 

not truly differentiate the varying configurations.  A ‘similarity’ based measure is likely to lump 

the pure specialist and learning firm together by correctly determining that a new product 

introduction is outside their normal area of activity.  A count-based measure of activity is likely 

to lump the learning firm with the generalist since both are likely to be involved in a similar 

number of domains, albeit to different depths.  Only the proportion indicators offer an estimation 

of the degree and magnitude of spread for the firm’s competency set.  From this, I conclude that 

the proportion based measures, such as Blau’s index and Entropy measures, represent the most 

useful means of representing the learning or adaptive focus of an organization. 

The second interesting observation emerging from exploring the interaction of breadth 

and depth is the suggestion that interactions produce different types of benefits and deficits.  

Returning to the three configurations, the specialist appears best suited for generating economic 

value from new product introductions while the learning firm appears best suited for the creation 

of new products.  In essence, one excels at exploitation while the other excels at exploration.  In 

fact, the process of the learning thrusts which characterize the learning firm configuration 

appears to generate a series of economic losses relative to the action of the pure specialist.  Each 

of the new ventures of the specialist is likely to accumulate small to moderate profits while the 

separate activities of the learning firm may, at times, generate losses.  Evidence suggests though, 

that the specialist may win more battles while the learning firm wins the war.  
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The observation posed here, at least in part, questions the utility of pure profit indicators 

while examining learning configurations.  As noted in Hayward’s (2002) study of acquisition 

activity, firms which engage in small learning activities which create acquisition-specific 

economic losses ultimately emerge quite successful in their management of future and total 

acquisitions.  Use of profit and specifically the profit-contribution of a specific activity as a 

performance indicator may therefore obfuscate the value of a firm’s activity.  I will return to this 

idea in the following section exploring firm project management, but for now the primary 

implication is that pure economic profit as a performance indicator may be short-sighted in 

evaluation of dynamic processes. 

The third observation emerging from examination of the depth and breadth interaction is 

that just breadth and just depth separately may not appropriately model the implied value of an 

activity for a given firm.  Consider again the three general configurations discussed above and 

imagine an archetype for each configuration engaging in a new activity outside their core 

competency area.  Examination of simply depth would imply that both the specialist and learning 

firm are likely to fail at this new activity because they lack depth of experience within this 

domain.  The generalist, ultimately, is likely to be more successful than the other two 

configurations because they are more likely to have somewhat more depth in each given domain.   

From a breadth standpoint, using a proportion based indicator, the implied results are not 

as clear cut.  Theory suggests that the fully concentrated specialist would under perform the 

generalist but, from purely a breadth standpoint, the literature is less clear on the expectation 

between the generalist and the learning firm.  There is some indication that too much breadth is 

detrimental, but no clear indication exists where the theoretical inflection point actually 

manifests.  If the dispersion between the breadth indicator for the two firms is ‘quite large,’ we 
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might expect the learning firm to outperform the generalist on the activity, but no breadth only 

measure implies where ‘quite large’ begins. 

Interaction of depth and breadth might, in fact, help unravel this dilemma.  Using the 

same scenario of a specialist, generalist and learning firm engaging in an activity outside its 

primary area and using a breadth*depth term, the spread between the three configurations may 

amplify enough to capture the theoretically argued distinction.  For the specialist, the new 

activity is one where experience is non-existent bringing the interaction term to zero.  The 

generalist having the largest relative knowledge in the new area and the largest breadth indicator 

moves quite far down the interaction axis.  The learning firm, likely having some scant 

experience in the new area while having a lower breadth indicator occupies a clear middle 

position in this scenario, potentially providing enough variation to address the ‘how much is too 

much’ question.  It is possible that the entire distinction in the literature involving how much is 

too much is itself a discussion of the separation line between pure generalist and learning firm 

configurations.   

The empirical literature described offers little insight though into the likely success of the 

hypothetical activity described above.  Currently, work in this area addresses primarily the 

economic impact or the portfolio quantity impacts of these configurations.  This leaves 

unexplored the question of whether the output quality itself differs based on the configuration of 

a firm’s capability relative to the activity itself.  Developing this idea further is aided by placing 

firm activity into a project context and exploring the role of projects, project management, 

project complexity and project success.  Each of these topics are explored in the following 

section. 
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Project Environments 

This dissertation studies the impact of social capital, dynamic capabilities and relative 

complexity on the success of new product development.  The setting in which the study takes 

place is one of project based new product development.  The project environment is a production 

process with both process and structural components distinct from other traditional 

organizational contexts.  In this section I will explain the project environment, outline the 

benefits of projects and identify the emergent and pervasive nature of a project paradigm.  In 

particular, there are several advantages of project based settings which makes them useful 

contexts for both new product development and the focal constructs of interest in this study. 

Projects function as a special type of production process, the most distinguishing feature 

being their single-shot nature.  Each project is a singularity with a definite starting and ending 

point (Midler, 1995).  A firm may engage in a series of repeated types of projects, even 

producing an iterative series of relatively similar projects such as the various unique aircraft 

carriers in a family-class of carriers (Bergman et al., 2004).  A firm may also engage in multiple 

simultaneous projects and may, at times, share human and physical resources across projects 

(Tukel et al., 1998).  Even so, each of these projects in the series retains its own unique set of 

temporal check points and resource commitments.  In essence, a project based environment 

offers an ability to generate an iterative portfolio of projects (Helfat et al., 2000). 

The sequencing and portfolio nature of project based environment provides two distinct 

features characteristic of dynamic capability theory.  First, the sequencing activity of projects 

provides a natural setting for iterative learning as viewed from both a practitioner and academic 

standpoint.  For the practitioner the sequencing nature of projects benefits lessons-learned 

planning (Stock et al., 2000).  At the close of a project, the various members can engage in an 

assessment of the processes and outputs of the now-complete project.  The lessons learned from 
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these assessments may be applied to projects newly underway.  Such iterative learning is 

certainly feasible in virtually any production process, but the closure aspect of projects is 

believed to enhance the utility of such assessments to a degree not realizable in other process 

environments.  For the academic, the clear delineation of project boundaries offers a research 

setting with relatively traceable timetables and outputs (Tukel et al., 1998).  This lends itself well 

to the study of inherently evolutionary theories such as absorptive capacity and dynamic 

capabilities, each of which argue that past period outputs provide a reference point for future 

period performance (Zahra et al., 2002a). 

The second advantage of project based environments is the learning advantage possible 

through the portfolio of projects concept.  Because some human resources are generally shared 

across projects occurring in the same period, projects offer an opportunity for cross-project 

learning (Tukel et al., 1998).  Obstacles and solutions occurring in one project offer insights for 

avoiding similar problems in other current projects.  Additionally, firms may engage in 

simultaneous projects which each represent different interpretations of an uncertain future 

scenario (Verma & Sinha, 2002).  As each project advances and as the ambiguity surrounding 

future action becomes more clear, the firm has the ability to complete the project alternative most 

fitting.  In this manner, simultaneous projects offer the firm the ability to benefit from discrete 

trial structures, with the various alternative projects serving as real options for the firm (Winter, 

2000). 

Because projects have discrete boundaries, they have several interesting implications for 

human capital allocation planning decisions.  Human assets may be deployed to multiple projects 

and redeployed to emerging projects based upon each actor’s unique competencies.  If we 

momentarily consider each project as its own organization, various actors may function as 

members in several simultaneous organization and will move temporally between project-
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organizations.  Further, not all of the actors involved in one project will move to the same 

subsequent project.  At any given point of time, differing mixes of actors will be linked in 

different projects, some actors will be linked across projects and across time the project 

affiliation of each actor changes.  The environment being detailed here is one of an iterative 

series of networks linking actors through projects. 

For the practitioner, the iterative portfolio of projects offers an opportunity to optimize 

the portfolio of projects and the portfolio of human capital through allocation and sequencing 

decisions.  These inherently network structures provide benefits of project flexibility while 

retaining an ability for each actor to develop and leverage highly specific knowledge.  It is 

precisely this reason that Hagedoorn (1993) argued that project based network environments 

maximize the ability to achieve economies of scope through joint effort.  Each actor participant 

in a project setting can maximize its own specific competencies while through allocation and 

portfolio management, the best mix of assets can be assembled for each project.  The inherent 

network structure which serves as the foundation for a project based environment offers 

specialization and flexibility benefits not associated with other structural architectures. 

For the academic, these network structural characteristics provide an ideal setting for 

examination of social capital.  The linkages between actors visibly manifest in the project 

allocation decisions.  The question, which actors worked with which others on which projects, is 

addressed in a relatively straightforward manner.  This provides a level of objectivity in 

assessing various measures of structural and relational capital.  While there is little doubt that 

network characteristics underlie virtually all organizational forms, from a pragmatic sense 

project environments are an easy arena for identifying and cataloguing actor relations.  More 

importantly, the iterative nature of project environments also maximizes the potential for social 

capital benefits to manifest.  The lessons an actor learns and the contacts an actor develops in one 
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project are carried forward to the next project and represent resources that actor draws on while 

working in the next project.  In effect, the echoes of past project-network structures ripple 

forwards through time influencing outcomes for current projects in a manner consistent with 

predictions from dynamic capabilities theories.  Past networks provide indicators of the resources 

available in current networks.  Thus, the project structure is not only a pragmatic landscape to 

study social capital, it is also the structural setting most conducive to the realization of network 

benefits.  It is for these reasons that project environments such as IPO’s and software 

development projects serve as fertile grounds for network and dynamic capability research. 

There is a one additional reason why the project environment is important from a 

research perspective.  While the project environment is, itself, a production process distinct from 

batch processing, assembly lines and continuous flow processing, there is evidence that a 

project-based paradigm is emerging in industries typically characterized by larger batch 

production processes.  In his study on the projectification of the firm, Midler (1995) details the 

deployment of a project-paradigm at auto-manufacturer Renault.  In order to achieve a turn-

around in the mid-1990’s Renault shifted from a traditional structure built to support a traditional 

automotive assembly line production process to an environment entirely built around projects 

and project management.  This required a complete change in organizational structures and 

process, a thorough redesign of the organization to support a project-based environment.  The 

success of the Renault turnaround, and its new vision for project management was a key benefit 

in the turnaround of Nissan in the late 1990’s with Carl Ghoshn taking on the leadership of 

Nissan in addition to his then current capacity as Renault’s CEO.  The subsequent success of the 

Nissan turnaround fueled discussion of an alliance proposal between Renault-Nissan and General 

Motors in 2006 with discussion of Ghoshn taking on a significant role in the management of 

General Motors.  Analysts at the time of the alliance proposal cited innovation, cost-cutting and 
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morale-boosting benefits of the Renault-Nissan model, noting that this experience and expertise 

potentially outweighed the cash infusion benefit GM would receive in the proposed alliance. 

The conclusion drawn from Midler’s article and the recent movements in the automotive 

industry suggest that the project-management paradigm is an emergent one.  Projects provide 

benefits in learning, flexibility, specialization and cooperation not easily achieved in other 

production processes, in part because of their inherent rejection of the organizational design 

characteristics of other production processes (Bergman et al., 2004).  The adaptive benefits of 

projects achieved through portfolio management and asset allocations offer these singularities to 

outperform organizational designs built around optimization of mass production.   

 

The Importance of Project Management 

While project environments may represent an emerging paradigm in organizations, 

realization of project benefits is not automatic.  In fact, empirical evidence suggests that 

surprising numbers of projects fail to achieve their expected benefits and a great number of 

projects are cancelled prior to completion (Dilts & Pence, 2006).  While some of these 

cancellations may represent firm-specific choices in exercising certain project options in favor of 

other projects, many cancelled projects ultimately generate wasted resource allocations.  It is for 

this reason that Dilts and Pence (2006) argue identification of success projects and successful 

project management techniques is an important task confronting both academics and 

practitioners. 

One reason many firms fail to realize the full potential of a project based environment is 

the complexity inherent in managing projects (Bergman et al., 2004; Park et al., 2001).  Because 

projects have discreet beginning and endpoints, maintaining an efficient resource allocation is 

more complicated than in organizational types of a more perpetual nature.  The reusable 
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resources allocated to a given project need to be efficiently reallocated to subsequent projects.  

Failing to time the starting of a subsequent project with the end point of its predecessor may 

result in human capital shortages or surpluses.  The scheduling complexity itself magnifies in an 

environment with multiple simultaneous projects underway. 

In addition to scheduling complexity, learning processes are necessary to fully capture 

the learning-advantage in the project-based system (Bergman et al., 2004).  As discussed 

previously, project based environments offer an opportunity for learning laboratories as human 

capital moves from project to project.  Some of the learning benefits occur passively with tacit 

knowledge development moving from project to project with the actors the tacit knowledge 

resides in.  In fact, one of the primary causes of project glitches, a source of project failure, 

occurs because of knowledge management processes (Hoopes et al., 1999).  Specifically, these 

glitches occur not because appropriate knowledge did not exist in the system, but rather because 

the awareness of the appropriate knowledge was not common in the system.  The end result of 

such a glitch is that already realized learning is misapplied, leaving the current project team 

tasked with re-creating the wheel.   

It is for this reason that full realization of project based learning benefits from 

organizational processes designed to capture the learning accumulated during the course of the 

project.  Such processes range from documentation, to internal and cross-project meetings, to 

post project-reviews (Stock et al., 2000).  Each of these processes offers project managers an 

opportunity to manage knowledge transfer across and between projects; however this task is 

more complex in application than description.  Therefore, development of successful project 

based environments requires managing learning and scheduling complexities.  

Where learning and scheduling complexities address problems of particular importance 

between projects, managing performance complexity issues plays out largely within each project.  
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Even should scheduling and asset allocations occur and even assuming appropriate learning and 

knowledge processes are in place, there is no guarantee that a completed project will satisfy the 

constituency for which the project was undertaken.  Ultimately, a project must be of appropriate 

quality, have the requisite benefits necessary and convey the benefits effectively to the projects 

constituency (Dilts et al., 2006).  The effectiveness with which a project meets these objectives, 

along with the efficiency in managing the timing of the project ultimately determines whether a 

project is a failure or a success. 

 

Measuring Project Success 

In the preceding section, I cited theoretical studies which argue that project success is a 

function of three components.  These components are the extent to which the project meets the 

needs of its designated constituency, the extent to which the project provides its constituency 

with a perception of quality in the perceived benefit package and the extent to which project 

managers efficiently manage the timing of project completion (Tukel et al., 1998).  There is 

evidence that a substantial number of projects fail to meet the first two objectives and still other 

projects ultimately fail to complete indicating a failure to meet the third objective. 

While recognition exists in the literature regarding the importance of understanding 

components of successful projects, there remains some contention regarding the metrics for 

project success.  Sampling a number of academic studies examining projects, Tuken and Rom 

(1998) find that overwhelmingly academic approaches measure project success as a function of 

economic value created (e.g. net present value) or resource efficiency measures.  Following this 

review, they surveyed a number of practitioner project managers and sought to identify what 

these field practitioners perceived as appropriate measures of project success.  Their study joins 

an emerging stream of literature citing substantial deviation between topics of importance to 
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practitioners and academics (Pearce, 2004; Snow & Hambrick, 1980).  The practitioner response 

resoundingly placed project quality and client satisfaction as the primary metric for measuring 

project success.  Further, the practitioners indicated that failing to meet these success metrics 

resulted in loss of credibility, deemed more punitive long-term than the economic returns from a 

single project.  Consistently in the practitioner responses, economic returns for the project and 

efficiency in asset allocation were placed at the bottom of the list of key success factors.  Thus, 

the factors academics examine remain important factors, but to the managers in the field these 

are of lesser weight given other criteria.   

The discrepancy documented in this study suggests that project managers take a long-

term perspective in the evaluation of projects.  A given project may ultimately fail to produce 

economic returns and asset allocation uses may exceed plans.  This may lead academics to deem 

the project a failure; however project managers placing the project in context of portfolios and 

ongoing operational needs may ultimately see the project as neutral or even successful.  In the 

introductory section on projects, I summarized the theoretical literature placing projects firmly in 

an adaptive paradigm with learning and options benefits.  Reviewing practitioner response, it 

appears that practitioners embrace our theory more closely than academics testing project 

success. 

That practitioners favor product quality, client satisfaction and indicators of credibility as 

more important than single-project economic returns or asset efficiency allocations does not 

suggest that the latter two are unimportant.  Rather, this suggests that project managers perceive 

their success factors as drivers of long-term firm success.  In fact, evidence suggests that client 

satisfaction and external indicators of project quality drive economic returns.  Verona (1999) 

notes that customer perceptions of the project are linked to economic rents.  Further, the features 

of the project and media richness which includes external evaluations of the project influence 
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customer perceptions.  Clients use a mixture of functional threshold evaluation and utility 

evaluation when evaluating new products (Adner, 2002).  The functional evaluation involves 

feature and price assessment while the utility assessment is influenced by external signaling.   

One important source of external signaling is the ratings assigned by industry experts.  

Expert raters provide end consumers with a pre-purchase assessment of the new product or 

service.  While there may be some concern of the objectivity and knowledge of such 

assessments, advances in information technology transmit rapid and efficient sources of 

assessments providing an efficient market for analysis (Brews et al., 2004).  While this does not 

eliminate bias and weakness for some individual raters/ratings, an efficient market for expert 

ratings ensures some degree of quality in the overall ratings a product receives.  Further, Zahra 

and George (2002) argue that one of the best ways to operationalize depth of absorptive capacity 

is through the efficiency of past products which can be estimated using average expert ratings of 

past projects.  Studies of the video game industry suggest that the financial success of a product 

is influenced in part by the perceived quality of the software available on that console and expert 

industry ratings provide an indicator of that quality (Schilling, 2003; Venkatraman et al., 2004). 

To this extent, expert ratings have been employed in studies of acquisitions (Hayward, 

2002), biotech patents (Ruef, 2002), mutual fund products (Bell, 2005), MBA programs 

(Rindova et al., 2005) and Broadway musicals (Uzzi et al., 2005).  Supporting the contention that 

averaged expert ratings are valid in predicting general quality, Uzzi and Spiro used both expert 

ratings and box office receipts as performance indicators for their study of Broadway musicals.  

Interestingly, they found the correlation between the two measures quite high (r =.56) and that 

the determinants for high performance on each indicator were, unsurprisingly, identical.  While 

they observed that some observations may have been panned critically yet succeeded financially 

and other observations were critical favorites yet financial flops, these were the exception. 
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To summarize this section, project success is a complex measurement.  From a stand-

alone perspective, academics often emphasize economic returns or asset efficiency measures.  

However, these measures do not reflect the factors deemed most important by practitioners.  

Practitioners emphasize customer perception of quality and ongoing credibility as key factors, 

which places the performance of one project within a series of ongoing project endeavors.  

Ultimately, practitioners identify feature quality, timing and signaling indicators as evidence of a 

project meeting a client’s needs.   

 

Assessing the Relative Complexity of Projects 

The motivation for this study is improving our understanding of the drivers of success for 

collaborative projects focused on new product development.  In the preceding section regarding 

project success, I have documented that success involves meeting the needs of a client-

constituency through provision of features deemed useful for that constituency.  Further, while a 

project based environment has been advanced as a beneficial organizational method for product 

development, evidence suggests that many projects ultimately fail.  Asset allocation complexities 

and learning complexities have been advanced as challenges which occur largely between and 

across projects, while performance complexity was described as primarily occurring within 

projects. 

Through the course of this chapter, several factors have been advanced which have been 

suggested as improving the likelihood of successful projects.  The social capital each partner 

brings to the project represents one such factor as does the relational capital between partners.  

The firm-specific capabilities each partner brings to the project have been advanced as another 

important factor likely to influence the quality of project outputs.  Assembling the right mix of 

partners to address a specific project is part of the challenge of asset allocation complexity and 
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managing the learning benefits of social capital between and across projects is a specific part of 

the learning complexities of successful project management.  More importantly though, in the 

discussion of breadth of relational capital, depth of firm-specific capabilities, and breadth of 

firm-specific capabilities, the notion of project complexity/similarity has appeared several times. 

In particular, in the address of depth of firm-specific capabilities I demonstrated literature 

support that to the extent a firm has relevant, related experience, the more likely it is to 

experience success in similar endeavors.  In the breadth of firm-specific capabilities segment, 

breadth was defined as a function of the number of different areas and domains a firm had some 

degree of depth-experience.  In the breadth of relational capital section, arguments were 

developed suggesting that the extent to which two partners had similar profiles in experience 

played a role in their collaborative capabilities.  All of these concepts build off of the absorptive 

capacity tradition which suggests that some degree of similarity between current and past 

endeavors positively influences performance.  The converse of this argument, logically, is that 

the less similar the current endeavor is to past endeavors, the less likely the firm is to experience 

success with the endeavor.  Essentially, the more dissimilar a project is to past projects, the more 

complex it becomes and the likelihood of success appears to decrease as complexity increases. 

This is precisely the point Stock and Tatikonda (2000) address in their statement, “in 

general a technology that is more novel, complex and/or tacit will be more uncertain than a 

technology that is familiar, simple, or well defined (pg. 724).”  A similar perspective emerges in 

examination of literature focusing on learning.  Helfat and Raubitschek (2000) note that 

incremental learning “"improves upon but does not fundamentally depart from current 

knowledge" (pg. 966) while step-function learning “"involves fundamental changes to core or 

integrative knowledge (pg. 967).”  A similar perspective occurs in examination of innovation 

literature where Hill and Rothaermel (2003) note that the attribution of incremental or radical for 
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an innovation is itself contingent on the skill-set of the creator.  Incremental innovation extends 

directly from the existing competency set of the creator while a radical innovation draws on 

capabilities outside the domain of the creator.  Perry-Smith and Shalley (2003) concur, noting 

that the concept of creativity exists on a continuum anchored by incremental, or similar, to 

radical, or dissimilar. 

The logical conclusion from such a series of arguments is the notion that complexity is a 

relative, not absolute concept.  That which is complex to one firm may be quite simple to 

another.  As our theories embrace the concept that the capability sets of firms are asymmetric 

and the features of a project are contingent on the needs of a client, different firms are more or 

less able to address the demands required to complete any given project.  To the extent that the 

appropriate capability set manifests, the project is relatively simple.  Conversely, when the 

project requires capabilities outside the firm’s capability portfolio, complexity increases.  

Therefore, when evaluating project success and failure, it is important to examine the relative 

complexity of that project vis-à-vis the capability portfolio of the project members. 

The question then becomes, how best to determine the relative complexity of a project?  

Oliver (1990) suggests that domain overlap plays an important role in project complexity and 

that similarity of service-features, similarity of clients and similarity of outputs influences 

domain overlap.  Stock and Tatikonda (2000) suggest that the factors which increase complexity 

includes technology familiarity, technology newness, discontinuous technology changes, 

platform changes and scope changes.  With the exception of discontinuous technologies, the 

remainder of this evidence suggests that measurement of relative complexity involves a 

comparison of the target audience and feature set across a number of categories.  To the extent 

that the shadow of past project’s feature sets fails to overlap the feature sets of the current 
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project, the more relatively complex the current project and the less likely the project output is to 

hit the mark. 

Discontinuous technologies (DT) pose a special problem.  Adner (2002) suggests that 

there are three elements making up a DT: replacement technologies which are at the early stage 

of their performance potential, movement of mainstream customers to this technology and 

incumbent firms unable to react to the DT in a timely fashion.  This suggests that as a firm 

engages in projects across platforms, and particularly when the platform is new and novel, 

likelihood increases that incumbency (and by definition the experience of incumbency) will be 

ill-equipped to perform. 

From this, I conclude that there are two specific manifestations of relatively complexity 

which require address.  The first is the relative complexity of the project.  This should be 

measured by comparing the feature set and constituency of the current project to feature sets and 

client constituencies that the project-members have addressed previously.  The second is the 

impact of discontinuous technologies.  Particularly when these technologies are first introduced, 

the earliest generation of releases will have difficulty because the experiences of the past may 

not translate into this new environment. 

 

 

Research Model and Hypotheses 

The topic of interest in this study is an examination of the relationship between firm and 

partner capabilities and the output of their collaborative product development projects.  In 

chapter 1, I introduced Figure 1.1 which illustrated the general concepts of interest.  These 

included the social capital of each partner, the relational capital existing between the partners and 

the firm specific capabilities each firm brought to the project.  The idea of relative complexity 
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was discussed as potentially changing which configurations of firm, social and relational 

capabilities provided advantages. 

In chapter 2, I discussed each of these concepts in more detail.  In this section I review 

the principle findings for each construct and hypothesize how these findings relate to the primary 

topic of interest, successful new product development projects.  Successful projects contain 

features deemed relevant to their constituency.  Project managers indicate that long-term 

credibility resulting from meeting client needs is ultimately their most important metric for 

project success, while still recognizing the importance of profit contribution or asset utilization 

ratios of a specific project.  Project managers apparently take a long-term perspective on the role 

of projects inside the firm, which resonates with the theoretical literature on projects and 

dynamic capabilities. 

As the motivation for this study involves improving our understanding of the antecedents 

of new product development success, I begin with a review of the primary construct of interest.  

After summarizing the endogenous construct, I move on to describe the role of the construct 

expected to complicate (or create contingencies) in the direct relationships between my 

exogenous and endogenous constructs.  Once I have described the endogenous and moderating 

constructs, I then move on to the exogenous constructs and develop specific hypotheses (direct 

and moderating) as appropriate given the literature review previously developed. 

 

Dependent Variable – New Product Success 

The outcome of interest in this study is the success, or lack thereof, of new product 

development activities.  In particular, this study examines how aspects of firm capabilities and 

social capital along with partner-specific relational capabilities influence successful new product 

development outcomes.  Success in new product development, as a construct of interest, is a 
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relevant construct of interest for business research because the renewal activities of the firm are 

considered key to its ongoing success and the determinants of such successes are not fully 

understood.  In particular, this study evaluates success as a function of the signaling response of 

expert reviewers. 

Expert ratings of new products represent a method of evaluating the extent to which these 

products meet the needs of their potential client bases.  In these evaluations, raters generally 

interact with the product, examine its utility in a manner consistent with the end-user’s 

application of the product and provide a subjective evaluation of the product.  Examining 

average results across a number of raters provides a general indication of the quality and utility 

of the new product, which provides a potential measure for the success of the new product 

development project.  Further, these expert ratings provide a strong signal of product quality to 

potential consumers.  As such, they influence purchase decisions.  Indeed, there appears to be a 

strong correlation between expert reviews and financial performance for new productions.  

Collectively this suggests that expert reviews provide a useful metric for evaluating success of 

new product outputs which blends customer utility, institutional signaling and even potentially 

economic value. 

 

Moderator Variable – Relative Complexity 

The literature suggests that creativity manifests on a continuum between incremental and 

radical.  This continuum remains virtually unchanged whether discussing creativity, learning or 

innovation.  Therefore, while our evolutionary theories recognize that a path dependent process 

explains the emergence of capabilities (which are themselves signaled by outputs such as new 

products and innovations), the steps between each link in the path are not inherently equal.  
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Some steps are small and build directly off the past competency set, while others require great 

leaps and recombination of capabilities. 

Evolutionary literature suggests that the current capability set of the firm is estimated 

through examination of the recent outputs of the firm.  The success of the current outputs of the 

firm are simultaneously an indication of the success of the deployment of current capabilities as 

well as an indicator of future period capabilities.  From this, the extent to which the current new 

product mirrors the feature set of recently developed projects provides an indication of the 

direction of the firm’s next period competency set while also indicating the likely success of the 

current step.  As my interest is primarily in the success of the current endeavor, this latter aspect 

is of primary importance in this study. 

Evidence suggests that current endeavors with features and components similar to recent 

endeavors are ultimately easier to complete than endeavors which contain features and 

components quite different from recent endeavors.  Placing this in a new product development 

context, new products which are relatively similar to a firm’s existing product portfolio are 

relatively less complex and ultimately more likely to both complete and perform successfully.  

Conversely, the more divergent the new product, the more likely that glitches and internal 

difficulties will complicate the project leading to either termination or less successful completed 

projects.  Essentially though, while the relative complexity is low whenever a firm has relevant 

experience, some firms will have more depth of experience than others.  Therefore, while 

relative complexity and depth of experience share a common determinant, they in fact address 

separate questions.  Relative complexity asks whether a firm has any experience in the relevant 

area while depth of experience expresses how much experience a firm has in a given domain.  

Relative complexity ultimately addresses whether similarity exists between features, depth of 

experience will address magnitude of experience with those same features. 
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The value of relative complexity, therefore, in this study is on its value when a firm 

chooses to engage in projects not inherently similar to past projects.  When firms stretch their 

existing competency set and move in relatively new directions, evidence suggests that certain 

firms make these moves more successfully than others.  This implies that when a firm engages in 

a task for which they have no, some or a great deal of experience in the relevant skills, success or 

failure is contingent upon the relative complexity of that project.  The capabilities most likely to 

enable success with complex projects are structural capital, relational capital and firm capability 

breadth.  Specific hypotheses related to each are detailed later in this section. 

 

Firm Specific Attributes 

The research model proposed is inherently multi-level.  Aspects of each partner firm as 

well as the dyadic relationship between firm’s are considered important predictors of the success 

of the new product development process.  In particular, this plays out with the social capital 

constructs.  The structural measures ultimately represent where, and how, the actor firm is 

positioned within the industry network while the relational capital measures represent the history 

and overlap between two firms engaged in a product development effort.   

To alleviate confusion, the hypothesis developed will be advanced first at the actor level 

and then at the dyad level.  This means that the structural capital measures will be followed by 

the firm specific capability measures.  For each hypothesis, an entry to the model will be 

required adding the appropriate attribute measure for each partner. 

These actor specific hypotheses will then be followed by the dyadic hypothesis specific 

to the relational capital construct.  Here, a single measure is added to the model for each 

hypothesis.  Each of these measures is itself a representation of the quality of the relationship 

between the two partners.  The approach utilized here, originating with actor level attributes and 
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moving on to dyadic attributes mirrors Contractor and colleagues (2006).  They recommend 

testing multi-level models with an iterative process adding higher hierarchical levels after testing 

lower level effects.  Their technique was discussed in the network analysis section of chapter 2 

and is revisited in the planned analysis section at the end of chapter 3. 

 

Structural Capital 

One of the primary constructs of interest in this study is the social capital a firm brings to 

each project.  Social capital represents both an indicator of past knowledge sources as well as a 

potential current resource for problem solving and information flows.  Review of the literature 

on social capital suggests that this construct is ultimately an umbrella construct capturing a large 

array of independent concepts.  While the general tenor of all these underlying social capital 

concepts is that social capital provides benefits, the specific concepts differ (and occasionally 

conflict) in which condition that dimension provides benefits.  Ultimately, the umbrella construct 

of social capital is thought to contain a structural and a relational component.  The structural 

component consists of the pattern of past interactions and itself contains dimensions of access 

and constraint.   

 

Independent Variable – Structural Capital Access 

Access provides an indicator of the quantity of other firms a given firm can (or has) 

drawn upon.  It is generally represented as a count-type indicator of recent interactions and its 

most commonly deployed construct, centrality, is often treated synonymously with social capital.  

Firms with more direct contacts and firms which have the shortest reach to the most contacts are 

thought to have a greater repository of social capital resources to draw upon.  This resource 



   

130 

abundance is considered advantageous both in the accumulation of knowledge and capabilities as 

well as representing more access to others in problem solving and search activities. 

The literature suggests that access is a positive determinant of firm performance.  Firms 

with greater access have more opportunities to learn, develop and hone capabilities.  In the 

course of new product development, this implies that firms with more access will have greater 

capabilities to bring to bear on any endeavor culminating in more successful product 

development.  This suggests that a positive, direct, relationship exists between access and new 

product development success. 

Hypothesis 1:  Firms with higher levels of access will outperform lesser 
endowed firms in their new product development endeavors. 

While the direct relationship suggested in Hypothesis 1 extends from the logic that access 

indicates opportunities to develop capabilities, an additional access benefit emerges in search and 

problem solving endeavors.  Firm’s engage in search when their current performance is below 

desired expectations and when they lack ability to resolve the performance dysfunction 

internally.  In particular, firm’s face such challenges when they attempt to engage in relatively 

complex activities.  In these cases, the existing capability set may not adequately enable 

successful project completion.  When faced with relatively complex projects, firms with greater 

access have more sources to draw upon in their search activities.  Because of this, such firms 

should be more successful when confronting relatively complex projects 

Hypothesis 1a:  Relative complexity moderates the relationship between access 
and the success of new product development efforts.  As the level of relative 
complexity increases, firms with higher levels of access will outperform lesser 
endowed firms in their new product development endeavors. 
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Independent Variable – Structural Capital Constraint 

Where the structural component access relates to the degree or reach a firm has to other 

firms, constraint reflects the extent to which the local network of the firm is independent or 

interrelated.  The interconnectedness of a firm’s direct contacts is the principle indicator of 

constraint.  The benefits and disadvantages associated with constraint are themselves contingent 

on the level of constraint.   

Firms in highly interconnected dense networks are likely to be more trusting in their 

partners, be more certain of the actions of their partners and more likely to obtain assistance from 

their partners.  The power of dense networks comes with costs however; such networks are more 

likely to constrain the firm from adaptive behavior, contain generally redundant information and 

function as a source of inertia.  Sparse networks, in which the firm brokers relations between 

otherwise unconnected firms, provide diverse information, access to highly divergent skill sets 

and are ultimately associated with more radical creativity.  As with dense networks, these 

advantages also come with costs.  Firms with sparse networks are less likely to obtain assistance 

from their direct contacts, have less trust in the behavior of their contacts and face greater 

uncertainty in managing the diverse relations. 

From the standpoint of a direct relationship between constraint and new product 

performance, this creates a quandary.  Dense constraint networks are likely to be quite successful 

when engaging in incremental or linear tasks, but are likely to struggle when facing relatively 

complex tasks.  Brokers of sparse constraint networks are placed in a position more 

advantageous for new and novel recombinations.  However, these brokers are less likely to 

gather fine-grained information normally accruing through the dialogue of interconnected firms.  

This ultimately suggests that they are disadvantaged relative to dense networks when addressing 

routine tasks.   
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The direct relationship is therefore problematic.  There are scenarios where dense 

constraint networks will likely succeed and separate scenarios where sparse networks will likely 

succeed.  Because potential project success is high both in dense and sparse networks, the 

likelihood of a direct relationship is minimal.  It is far more likely that a successful explanation 

of constraint is only possible when considering the relative complexity of the undertaken project.  

Since research suggests dense networks are optimal for fine-grained incremental tasks while 

sparse networks are optimal for novel or radical tasks, a moderating relationship with relative 

complexity is logical. 

Hypothesis 2:  The value of constraint as a determinant of new product success 
is contingent on the relative complexity of the new product development 
project.   

Hypothesis 2a: Higher levels of constraint provides success in low complexity 
projects. 

Hypothesis 2b: Low levels of constraint provide success in more complex 
projects. 

Firm Specific Capabilities 

Along with structural and relational social capital, firm capabilities represent the third 

primary component of interest in this study.  Each firm contributes an idiosyncratic capability 

portfolio to the new product development project.  The general expectation of this body of 

research is that firm capabilities play a role in both the direction of future capability evolution 

and the outcome of each step of this evolutionary process.  Two streams of research, dynamic 

capability theories and absorptive capacity, were reviewed. 

Dynamic capability theory exists as part of a broader evolutionary perspective linking it 

with the Austrian economic school.  The common theme in these theories is that a firm’s 

capability set at any given point in time is emergent from its recent past capabilities and 

influenced by environmental contexts.  While the current period capability set is considered 

contingent upon the most recent capability set of the firm, dynamic capabilities theory recognizes 
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that this may not extend linearly back across multiple periods.  Some period capabilities may 

flow in a linear manner across multiple periods.  However, during periods of search, firms may 

choose to develop new capabilities which change the vector direction of previous capability sets.  

For this reason, the evolution of firm capabilities is considered a series of Markov chains, 

directly linked to the immediate past but potentially unrelated to the more distant past. 

Absorptive capacity theory was addressed as an explanatory mechanism for these single-

step movements.  Not all period to period steps are equidistant.  While some steps are 

incremental builds extending clearly from past capabilities, others are stretch moves seeking to 

radically reconfigure the firm’s capabilities.  Absorptive capacity theories offer explanation for 

which current capability sets are most likely to succeed in incremental or radical recombination 

efforts.   

Therefore, while dynamic capabilities covers the broad evolutionary flow of capabilities 

for the firm, absorptive capacity largely addresses the single-step moves.  This implies that, 

while these theories differ in theoretical concepts, their overall content overlaps.  For this study, 

absorptive capacity is therefore considered the period to period explanatory mechanism 

addressing the success and failure of these single period capability adjustments.   

From a new product development perspective, the current period firm specific 

capabilities offer an indication of the likely success of the product development effort.  New 

product development represents an attempt to exploit current capabilities in the development of 

new products, which are themselves ultimately indicators of future period capability sets.  

Certain capability configurations are expected to optimize incremental product extensions while 

other configurations are posited to improve performance in relatively more radical projects.  The 

two domains of firm capabilities best suited to explain the successes of these product 

development efforts are the depth and breadth of a firm’s capability portfolio. 
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Independent Variable – Firm Capability Depth 

The concept of firm capability depth details the extent to which a firm has experience in a 

given domain of activity.  Depth of experience is generally indicated through frequency, 

repetition, intensity or duration of efforts in a given area.  The literature suggests that these 

indicators coincide with the development of routines and processes supporting the focal activity.  

Thus, a firm which engages in a number of alliance activities is more likely to have supporting 

mechanisms for alliances than a firm engaging in their first alliance.   

The general consensus of the literature is that increased depth positively influences 

related outcomes.  From a new product development process, greater depth of experience 

suggests the firm has existing capabilities developing this type of product.  As examples, such 

experience may entail extensive documentation of feature expectations, greater understanding of 

this customer segment and improved development processes for this category of products.  This 

dimension of firm capabilities therefore takes on a ‘practice makes perfect’ tenor with the 

expectation that heightened experience corresponds with success. 

Hypothesis 3:  Firms with greater depth of experience in new product 
development will have more success in their new product development 
projects than will firms with lesser levels of experience. 

 

Independent Variable – Firm Capability Breadth 

Breadth capability measures evaluate the extent to which a firm spreads around its 

capabilities.  Some firms elect to specialize in a very narrow range of activities, others generalize 

their efforts across broad ranges, while still others specialize to a degree but engage in small 

learning thrusts into new capability areas.  While depth measures represent performance 

capabilities, breadth indicates the adaptive capability of a firm.   
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Firms with a highly specialized capability set are generally most successful in 

incremental adaptation.  In other words, such firms are both trapped in their vector of activity, 

but also more likely to generate successes while staying in that vector.  The pure generalist, who 

balances capabilities relatively evenly across domains, is generally considered better at bringing 

together their diverse capabilities leading to more creative new products.  Hence, while specialist 

firms rely extensively on their deep knowledge in a narrow domain, generalists draw from 

diverse domains in the generation of new product development efforts. 

Ultimately, this complicates any direct predictions between breadth and project success.  

There are scenarios where both narrowly focused and broadly focused firms should excel.  

Specialists should excel when the project closely relates to their current competency set, 

generalists should excel when confronting more relatively complex projects.  Unraveling this 

contingent relationship therefore requires examination of the moderating effect of relative 

complexity.  Since relative complexity is an indicator of the similarity or difference of a project, 

the interaction of breadth and relative complexity should explain the distinct conditions under 

which the upper and lower bounds of breadth capability excel. 

Hypothesis 4:  The value of breadth of firm capabilities is contingent upon the 
relative complexity of the new product development project.   

Hypothesis 4a:  In conditions of high complexity, firms with a broader 
competency base should excel. 

Hypothesis 4b:  In conditions of low complexity firms with a narrow 
competency base should excel. 

 
 

Independent Variable – Breadth*Depth 

The breadth indicator of capabilities addresses the scenarios under which a generalist and 

specialist should each excel.  However, consideration of the potential archetypes for firm 

capabilities suggests that three distinct archetypes exist.  In addition to the generalist and the 

specialist, there also exists learning firms which specialize but engage in small or infrequent 
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exercises outside their domain area.  Evidence suggests that these firms outperform the other two 

archetypes when engaging in activities somewhere between incremental and radical. 

From a new product development standpoint, these firms should excel in bundling new 

features or components to existing product lines.  The specialist may function well in creating a 

next generation with only modest enhancements to the existing feature set and the generalist 

offers the best likelihood of creating truly novel products.  This implies that as a firm moves 

outside its competency set somewhat, the learning firm will outperform the generalist who will 

outperform the specialist.  In this scenario, the learning firm is able to draw on performance 

(depth) benefits and adaptive (breadth) benefits while the other configurations can only pull from 

one or the other.  However, as the extent to which the product moves quite outside the capability 

set of the firm, the advantage shifts to the generalist.  Under these situations, the performance 

(depth) benefits become negligible and primarily the adaptive (breadth) benefits matter. 

Hypothesis 5:  The relationship between depth*breadth is moderated by the 
relative complexity of the project. 

Hypothesis 5a:  Under conditions of low relative complexity, a curvilinear 
relationship exists between depth*breadth and the success of new product 
development.  In this range, as complexity increases, the benefits of 
depth*breadth should at first increase but then decrease after a point of inflection. 

Hypothesis 5b:  Under conditions of high relative complexity, the value of 
generalization should outweigh the benefits of specialization for the success of 
new product development.  In this range, as relative complexity increases the 
benefits of depth*breadth should also increase. 

 
 

Dyadic Measures 

The relational component of social capital evaluates the quality of the relationship 

between the focal actors, in this case the dyad engaged in the new project development product.  

The relational component of social capital contains the underlying dimensions of relational 

capital depth and relational capital breadth.  In this section, I will briefly summarize the findings 

related to each dimension and hypothesize the expected relationship between that dimension and 
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the success of new product development.  When appropriate, the contingent relationship between 

that dimension and relative complexity will also be explored. 

 

Independent Variable – Relational Capital Depth 

While structural indicators of social capital focus on the pattern of relations a firm has 

with other firms, the relational component focuses specifically on the quality of the relationship 

between two firms.  For this study, the relational capital of interest is that existing between the 

two firms engaged in collaborative new product development.  The depth of relational capital 

addresses the shared history of collaborative activity between this dyad. 

The literature suggests that increased history between partners enhances the likelihood 

that dyadic specific processes and routines exist.  This occurs in part because partner specific 

learning leads to enhanced ability to interact.  It also occurs because increased relational 

experience between two partners improves the likelihood of the emergence of partner-specific 

assets and functions.  In the case of new product development, this depth of experience translates 

to rapid ramp up speed, compression of intervals in product sequences and enhanced 

collaborative capabilities.  Overall this suggests that depth of experience between two partners 

enhances the likelihood of success in new product development. 

Hypothesis 6:  Dyads with greater levels of relational depth will outperform 
lesser endowed dyads in their new product development endeavors. 

While the existence of partner specific processes and routines generally enhances the 

ability to collaborate, evidence suggests that routines are an important source of performance 

inertia.  The very capabilities and processes which enhance incremental learning may become 

obstructions when engaging in more radical developmental processes.  In essence, while these 

processes and routines simplify and accelerate incremental processes, they may not easily 

translate and even obstruct more radical innovation attempts.  In terms of new product 
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development, this suggests that depth of relational capital is most beneficial when deployed to 

relatively simple new products such as product sequencing or new generations of existing 

product design.  When facing the task of building products with radically different feature sets, 

relational depth may in fact hinder necessary discovery activities, which in part explains why 

incumbents seek new entrants and new partners during periods of technological change.  In these 

situations, the relative complexity of the project undermines the capabilities associated with 

relational capital depth. 

Hypothesis 6a:  Relative complexity moderates the relationship between 
relational capital depth and the success of new product development efforts.  
Dyads with higher levels of relational capital depth, facing relatively complex 
projects, will under perform dyads with less relational depth. 

 

Independent Variable – Relational Capital Breadth 

The breadth of relational capital examines the extent to which the capability sets of a 

dyad overlap or complement one another.  The extent of overlap in capability sets is an 

indication of the relative absorptive capacity between the dyad.  Evidence suggests that some 

degree of common knowledge or experience is necessary to facilitate transmission and 

development of new knowledge. 

The benefits of overlap emerge through shared languages and interpretations arising from 

common experiences.  Dyads with this shared language are able to more rapidly move through 

the phases of product development as less time is spent correcting misunderstandings and 

misinterpretations between the partners.  From this, a general expectation emerges that some 

level of overlap benefits collaborative efforts. 

While some aspects of collaborative benefits accrue through overlap, these benefits are 

not without cost.  Additional benefits in collaboration accrue through the complementarities of 

capabilities between partners, which are ultimately shaped by the non-redundancy of skills 
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partners bring to a project.  From this perspective, an optimal project involves partners with 

unique and differentiated capability sets.  This is at odds with common knowledge benefits since 

by definition these non-redundant relations would involve virtually no competency overlap. 

Synthesizing these two contradictory implications suggests that a curvilinear relationship 

exists between breadth of relational capital and performance.  While zero overlap maximizes the 

benefits of complementarities, the costs of lack of common standards negates any benefits.  

Ultimately these benefits accumulate as level of overlap increases.  During this initial stage of 

increase, the marginal benefits of shared experience increases at a faster rate than the decay in 

complementarities.  This progression, however, ultimately reaches a point of inflection at which 

time the value of overlap begins to decay.  After this inflection point, any benefits of common 

experience are outweighed by the decay in benefit of complementarities.  At the far extreme, 

where complete competency overlap exists, the benefits of shared experience are expected to be 

completely overwhelmed by lack of complementarities in competencies.  Once this point is 

reached, only scale benefits remain.  Such scale benefits may serve from a production standpoint, 

but are ultimately not of significant importance in creative endeavors such as new product 

development. 

Hypothesis 7:  An inverted U relationship exists between breadth of relational 
capital and the success of new product development.  As relational capital 
breadth increases success should at first increase to a point of inflection and 
then ultimately decrease as breadth continues to increase. 

The nature of the relationship between relational capital breadth and project success will 

itself change fundamentally as the level of relative complexity increases.  When the relative 

complexity of a project is low, a high level of overlap between partners facilitates improvements 

in efficiency.  This is, in essence, the logic behind incremental innovation.  Small, compressed 

improvements occurring along a pre-determined vector benefits from deep, fine-grained 

knowledge transfer and competency overlap.  
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Hypothesis 7a:  For conditions of low relative complexity, the influence of 
relational breadth on the success of new product development will be highest 
when a high level of overlap exists. 

The situation reverses though when relative complexity is high.  In these situations, each 

participant firm has little direct experience to apply to the project at hand.  Here, the success 

hinges upon the ability to creatively engage in analogic learning.  In these situations, low 

relational capital breadth maximizes the power of analogic learning. 

Hypothesis 7b:  For conditions of high relative complexity, the influence of 
relational breadth on the success of new product development will be greatest 
when a low level of overlap exists. 

 

Research Model 

Having discussed the various constructs of interest and the mix of direct and contingent 

relationships expected, I introduce the research model which guides the remainder of this study.  

This model appears as Figure 2.6.  There are three primary constructs, each with two dimensions, 

that I expect will influence the success of new product development efforts.  The first two 

primary constructs, structural capital and relational capital, are themselves elements of the 

umbrella construct of social capital; the final primary construct is the specific capability set the 

firm brings to the new product development effort.   

 
 

Structural Capital 
•Access (Centrality) 
•Constraint (Density) 

Firm Capabilities 
•Firm Depth 
•Firm Breadth 
•Firm Depth*Breadth 

Relational Capital 
•Relational Depth 
•Relational Breadth 

Project Success 
•Expert Ratings  
 

Relative Complexity 
•Related Development 
•Discontinuous Technologies  

Figure 2.6 – Extended Research Model 
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For structural capital, I expect both the level of access and the level of constraint 

associated with a firm’s network position to play a role in the successful outcomes of their 

product development efforts.  Access is expected to provide a direct effect on successful product 

outcomes.  The value of constraint is expected to be contingent on the relative complexity of the 

product development effort. 

For relational capital, I expect the depth and breadth of experience between the dyadic 

partners to play a role in their successful product development efforts.  In general, depth of 

experience is expected to directly improve the success of product development projects.  As 

relative complexity increases though, I expect depth to begin to function as an inertia force 

hindering adaptability and ultimately hampering the success of the new product development 

project.  There are therefore both direct and moderating hypotheses associated with depth of 

relational capital.  Breadth of relational capital is expected to contrast the commonality and 

complementary aspects of collaboration.  Some level of commonality is necessary to generate 

shared understandings, however too much commonality eliminates the benefits of 

complementary collaboration.  Similarly, too little commonality may optimize complementary 

assets, but at the cost of misunderstandings and miscommunications arising from different 

experience and expectation bases.  Thus, the expected direct relationship between relational 

capital breadth and new product development efforts is curvilinear with benefits accruing as 

breadth first increases and then decreasing after a point of inflection.  I expect a special 

relationship to exist, though, when partners confront new and novel product development efforts.  

Under these relatively complex situations, the product itself does not closely relate to either 

partners knowledge domain, limiting the importance of commonality.  Under these more 

complex conditions, the benefits of a broad relational capital overlap are ultimately hampered.  

In such situations, partners with little overlap should outperform high-overlap dyads in their 
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product development efforts.  Because of this, both direct and moderating hypotheses were 

advanced for relational capital breadth. 

Under firm specific capabilities, three areas are explored.  For the depth of capabilities, I 

expect a direct positive impact on the success of new product development.  In these conditions, 

experience translates to performance success.  For breadth of experience however, the 

relationship becomes contingent on the relative complexity of the project.  Specialist and 

generalist benefits are expected to manifest depending on the complexity of the project, thus only 

a moderating hypothesis is advanced.  A special case exists, though, when considering renewal 

efforts close to the competency domain of the firm.  In cases where relative complexity is low, 

and thus the project is somewhat similar to past projects, the learning firm is expected to 

outperform both the generalist and the specialist.  This implies a curvilinear relationship over this 

range of complexity.  However, under highly complex situations, the generalist benefits should 

largely overwhelm both the specialist and the learning firm.  For this reason, distinct hypotheses 

have been advanced for the high and low ranges of relative complexity. 

The model displayed in Figure 2.6 offers the full listing of constructs utilized in this 

dissertation.  The model is however, simplified to show where general relationships are expected.  

Attempting to depict the direct, curvilinear and moderated predictions across the seven major 

hypotheses and supplemental moderating hypotheses would result in an incomprehensible 

diagram.  For this reason, the hypotheses themselves are not explicitly modeled in Figure 2.6 but 

are instead displayed in Table 2.5. 
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Table 2.5 – Listing of Hypothesis 

Hypothesis  Predictor Construct Expected Sign 
H1 Access + 
H1A Access*Relative Complexity + 
H2 Constraint*Relative Complexity ∩ 
H2A Constraint ∩ Low Complexity + 
H2B Constraint ∩ High Complexity - 
H3 Firm Depth + 
H4 Firm Breadth*Relative Complexity N/A 
H4A Firm Breadth ∩ High Complexity + 
H4B Firm Breadth ∩ Low Complexity - 
H5 Firm Breadth*Firm Depth*Relative 

Complexity 
N/A 

H5A Firm Breadth*Firm Depth ∩ Low 
Complexity 

∩ 

H5B Firm Breadth*Firm Depth ∩ High 
Complexity 

+ 

H6 Relational Depth + 
H6A Relational Depth*Relative Complexity - 
H7 Relational Breadth ∩ 
H7A Relational Breadth ∩ Low Complexity + 
H7B Relational Breadth ∩ High Complexity - 

Notes 
N/A – This indicates that a direct testable hypothesis is impossible at this 
level as the expected relation changes at different magnitudes of the 
interaction construct 
∩ - When used in the predictor construct column indicates the relationship of 
the precedent construct given the range of the antecedent construct. 
∩ - When used as an expected sign indicates an anticipated curvilinear effect. 
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CHAPTER 3  
 

OVERVIEW OF STUDY 
 

This chapter discusses the data collection methods which were used to develop a sample 

appropriate for testing the hypotheses developed in Chapter 2.  This includes information on the 

source data, appropriate coding methodology for the data and generation of resulting indicators 

for variables of interest.  Additionally, I provide discussion of whether indicators can or should 

be used individually or whether emergent scales are likely.  This chapter consists of the 

following sections 

• Data Collection – A discussion of the data source, study sample and 
environmental characteristics of importance occurring within the sampled 
industry. 

• Research Design 

• Steps in the Data Collection Process 

• Operational Definition of Constructs 

• Evaluation of Measures 

• Analysis Plan 

 

Data Collection 

The data collection methodology for this dissertation is archival, time-series data.  Data 

will be collected from publicly available Internet repositories.  From this, a data set of all new 

products released in the time period of interest will be generated as well as a twenty-four month 

precedent period to avoid left censoring effects.  This data collection methodology is expected to 

provide a longitudinal examination of performance in this industry enabling estimation of 

competency sets for each industry member at the time of their new product offering.  This data 

collection method is the commonly used approach for modeling inter-firm alliances and dynamic 
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capability methods.  Similar techniques have been employed in the video game (Venkatraman et 

al., 2004), Broadway musical (Uzzi et al., 2005), computer manufacturing (Stern et al., 2004), 

software industry (Lavie et al., 2006) and Italian television (Soda et al., 2004) industries.  

Because the methodology is suitable for analysis of dynamic, evolving competency sets and 

since it meets the standard set by top-quality researchers, this approach is deemed suitable for the 

study at hand. 

 

Study Sample 

The industry segment sampled to test the hypotheses previously detailed is the 

entertainment software industry.  This industry consists of entertainment software developed for 

the personal computer (PC), console and handheld gaming markets.  The console market consists 

of proprietary hardware platforms developed by Microsoft (Xbox and Xbox 360), Sony 

(Playstation II and Playstation III) and Nintendo (Gamecube and Wii).  These are the three 

manufacturers active in this segment during the time period for this study.  Additionally, each 

manufacturer released a next generation console during the sample period enabling estimation of 

discontinuous technologies.  The handheld market consists of product offerings by Nintendo 

(Game Boy Advanced and Dual Screen) and Sony (Playstation Portable or PSP).  While there are 

several minor players with product offerings in this segment, their software products do not 

typically receive coverage from the primary reviewing sources.  Both Sony and Nintendo (Dual 

Screen) released new products during the sampling period further enabling collection of 

discontinuous technologies.  The specific hardware platforms used, and release dates (if relevant) 

are displayed in Table 3.1 below. 
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Table 3.1 – Launch Dates for Hardware Platforms 

Platform Abbreviation Manufacturer Release Date 
Personal 
Computer 

PC Various N/A 

Xbox Xbox Microsoft 15-Nov, 2001 
Xbox 360 X360 Microsoft 22-Nov, 2005 
Playstation II PS2 Sony 26-Oct, 2000 
Playstation III PS3 Sony 15-Nov, 2006 
Playstation 
Portable 

PSP Sony 24-Mar, 2005 

Gamecube GC Nintendo 18-Nov, 2001 
Wii Wii Nintendo 19-Nov, 2006 
Dual Screen DS Nintendo 21-Nov, 2004 
Game Boy 
Advanced 

GBA Nintendo 11-Jun, 2001 

Notes: 
Information relating to the release dates of platforms was pulled from various Internet 
sources including the company websites, press releases and Wikipedia. 

Before moving into details of construct operationalization and measurement, an overview 

of the entertainment software segment is relevant.  Specific details regarding the demographics 

and size of this industry have been obtained from industry specific associations and consulting 

groups (ESA, 2006; NPD, 2005).  Past research indicates that utilization of such group’s benefits 

researchers by providing context specific information about the industry being studied (Stuart, 

2000).   

The entertainment software industry is a rapidly growing market segment with over $7 bn 

in sales from over 228 million units in 2004.  Product development in this industry is quite rapid 

with ten or more new products coming into the market on a weekly basis (Gamespot, 2007).  As 

such, this is an industry characterized by relentless change (Brown & Eisenhardt, 1997) in which 

the heightened velocity (Smith et al., 1994) increases the relevance of firms functioning in inter-

firm networks (Sydow & Windeler, 1998).  Further, Hagedoorn (1993) has indicated that the 

complexities of software development heighten the importance of joint product development.   

In addition to the pace of product development in this industry and the tendency for firms 

in such dynamic environments to align, the entertainment software industry also contains a 
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diverse heterogeneous mixture of firms.  As depicted in Table 3.2, a depiction of the twenty-four 

entertainment software products released for the week of 25-Mar, 2007  provides an illustration 

(Gamespot, 2007).  It bears mention that this is not an atypical week in terms of new product 

releases.  During high volume periods, such as prior to the major shopping holidays, the number 

of products released per week can increase dramatically.  Literally hundreds of products are 

released annually in this industry, with many firms updating and extending past offerings as well 

as releasing new products.  Firms appearing on this table range from relatively large, publicly 

traded firms like Microsoft and Ubisoft to smaller privately held firms like Aspyr and Rare.  

Stuart (2000) has indicated that examination of alliance characteristics within a single dynamic 

industry populated by diverse firms provides a rich contextual examination while still permitting 

application of more complex analytic techniques. 

Table 3.2 – Sample of Title Releases 

Platform Title Genre Publisher Developer 
PC Alien Disco Safari Adventure Encore Software, Inc. Encore Software 
PC Code of Honor: The French 

Foreign Legion 
Action City Interactive City Interactive 

PC Command & Conquer 3 Tiberium 
Wars 

Strategy EA Games EA LA 

GC Disney's Meet the Robinsons Action Disney Interactive Disney 
GBA Disney's Meet the Robinsons Action Disney Interactive Disney 
PSP Disney's Meet the Robinsons Action Disney Interactive Disney 
DS Disney's Meet the Robinsons Action Disney Interactive Disney 
PC Disney's Meet the Robinsons Action Disney Interactive Disney 
Wii Disney's Meet the Robinsons Action Disney Interactive Disney 
PS2 Disney's Meet the Robinsons Action Disney Interactive Disney 
X360 Disney's Meet the Robinsons Action Disney Interactive Disney 
DS Honeycomb Beat Puzzle Konami Hudson 
X360 Jetpac Refuelled Action Microsoft Rare Ltd. 
DS Konami Classics Series: Arcade 

Hits 
Action Konami Konami 

Platform Title Genre Publisher Developer 
PS2 Made Men Action Aspyr Silverback Studios 
PS2 Medal of Honor: Vanguard Action Electronic Arts Electronic Arts 
Wii Medal of Honor: Vanguard Action Electronic Arts Electronic Arts 
PS2 Metal Slug Anthology Action SNK Playmore SNK Playmore 

(table continues) 
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Table 3.2 (continued). 
 
Platform Title Genre Publisher Developer 
PC MU Online: Cry Wolf Role-

playing 
K2 Network Webzen 

PS2 Payout Poker & Casino Puzzle Namco America Namco 
GBA Petz Vetz Action Ubisoft Ubisoft 
PC Platypus II Action Reflexive Entertainment Retro 64 
DS Pogo Island Adventure EA Games EA Games 
DS Purr Pals Puzzle SVG Distribution Crave 

Entertainment 
PC Redneck Kentucky and the Next 

Generation Chickens 
Action City Interactive City Interactive 

Wii Romance of the Three Kingdoms 
IV: Wall of Fire 

Strategy Nintendo Koei 

PC Sam & Max Episode 5: Reality 
2.0 

Adventure GameTap Telltale Games 

PC Silverfall RPG Atari Monte Cristo 
X360 The Elder Scrolls IV: Shivering 

Isles 
RPG Bethesda Bethesda 

PC The Elder Scrolls IV: Shivering 
Isles 

RPG Bethesda Bethesda 

PS2 The Red Star Action XS Games Acclaim 
PSP Virtua Tennis 3 Sports Sega Sega-AM2 
PC Westward Adventure Encore Software, Inc. Encore Software 

The entertainment software industry has been selected for examination because it 

contains the specific characteristics of interest in the previously identified hypotheses.  The rapid 

pace of product development and deployment permits a relatively large sample to be assessed.  

The mixture of large and small firms interacting in an established and ongoing nature of repeated 

partner interactions permits deployment of the social network and alliance specific measures 

required to test preceding hypotheses. 

 

Discontinuous Technology 

A particularly interesting aspect of this industry segment involves the pace of change for 

both software products and hardware platforms.  While the software industry itself is the focus of 

this study, the pace and competitiveness of hardware change is a fruitful and interesting area of 
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research in business strategy (Schilling, 2003; Venkatraman et al., 2004).  Five of the ten 

hardware platforms depicted on Table 3.1 entered the market in the thirty months preceding this 

dissertation.  In general, publishers and developers offer software products across multiple 

hardware platforms (Venkatraman et al., 2004), which suggests that the introduction of new 

platforms creates opportunities and difficulties for the entertainment software industry. 

The primary opportunity comes from the increased capability of the newly released 

hardware platforms.  Processing power, graphic capabilities, sound capabilities, motion sensitive 

input devices, mobile devices, wireless technology and online capability are only some of the 

features provided by the most recent generation of hardware platforms.  These advances afford 

opportunities for software developers to press new features into existence, to approach customers 

in new and novel ways and to increase the general immersion of the consumption experience. 

Such opportunities do not arrive without difficulties however.  Awareness of the potential 

of next generation technology is far easier than effectively utilizing such advances.  Take, for 

example, the release of the Nintendo Wii, one of the more recent console offerings.  From a 

video, sound and processing standpoint, the Wii offers modest gains from Nintendo’s prior 

flagship console the Game Cube.  The Wii does feature two novel innovations, one common to 

other next generation products while the other is unique to the Wii.  The first is Internet 

connectivity.  The Wii has built in Internet functionality enabling Wii users to connect to 

wireless Internet hubs everywhere.  This allows Wii customers increased interconnectivity, but 

only to the extent that software developers integrate Internet features (such as online multiplayer 

gameplay) into their design documents. 

The second feature of the Wii, and the one garnering the most attention, is the Wii 

remote.  The handheld device a consumer uses to interact with the Wii is a significant departure 

from the incremental evolutionary path of the joystick.  In some ways, the Wii remote is a 
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throwback to television remote controls, but it builds in a motion sensitive device which actually 

represents Nintendo’s preferred input process.  This effectively means that the user mimics the 

gestures and movements associated with baseball, bowling, boxing and other movements to 

interact with the software.  From a hardware technology point, the Wii is simply fascinating.  

Implemented into software properly, Wii movements are realistic and natural, opening gaming 

up to customer groups who have previously never engaged in gaming.  Because of the necessary 

physical exertion involved in playing Wii sporting games, the Wii has already received 

endorsements for its potential physical health benefits and rehabilitative benefits for users from 

young children to aged adults (Derbyshire, 2006; Sheets, 2007). 

While the potential of the Wii is significant in terms of Internet connectivity and wireless, 

motion sensitive game play, executing on this potential can be problematic for developers.  In 

particular, the motion sensitive device changes the rules of the industry in terms of what and how 

a player can expect to interact with software.  This leads to software developers having to rethink 

input decisions and test these ideas in an active and competitive marketplace.  While the industry 

will gradually settle on a ‘right way’ to walk, run, twist and turn an onscreen avatar using the Wii 

remote, the initial titles released on the Wii were generally forced to make an informed guess.  

Some of these worked, some didn’t.  In terms of Internet connectivity, at least with the Wii 

launch titles, all developers simply decided to avoid offering web-enabled products, choosing to 

focus on the input device challenges before dealing with online interactive features.  

The Wii serves as an apt, and current, illustration of the challenge software producers and 

developers face adapting rapidly to new hardware environments.  Because of the rapid 

development cycles and short lead times in product development, industry norms for a hardware 

platform develop rather rapidly, but during the launch window (the first ninety days after a 

console is released), the software titles coming out were essentially created in isolation.  While 
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hardware manufacturers work with these launch developers, the lack of comparative competitive 

products in the pre-launch period removes the power of imitation from the development process. 

 

Research Design 

This dissertation uses a quasi-experimental design.  Pooled time series data for the study 

period will include all products released during this time window.  The predictor variables will 

be generated from the product offerings released in the twenty-four month window proceeding 

the release of the product.  Given the hyper development pace of this industry, this will enable a 

longitudinal examination with temporal precedent established for causal arguments. 

 

Procedures and Steps in the Data Collection Process 

Two studies, Venkatraman and Lee (2004) and Uzzi and Spiro (2005) are highly 

influential in the development of the data collection processes used in this study.  Venkatraman 

and Lee (2004) provide a study on software titles released in the console segment of the 

entertainment software industry.  Their primary focus is on the choices publishers make in 

determining which console to offer products on and their time focus is on a past generation of 

hardware consoles.  This dissertation differs from their study in two key ways.  First, this is a 

study of the quality of products offered by the combined efforts of software publishers and 

developers where theirs is a study of strategy staging choices of publishers.  As such, the focal 

point of interest in this study is an assessment of the product quality, not the console decision.  

The second point involves the relations of interest.  Venkatraman and Lee were interested in 

relations between publishers and console manufacturers, I am interested in the relationships 

between software publishers and software developers.  My study is influenced and reinforced by 

closing comments from Venkatraman and Lee, who note that “developers (they refer to 
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publishers as developers in their study) supporting all platforms have grown in prominence” (pg. 

889, Figure 3)”  They further conclude that “the video game development process could also be 

studied” (pg. 890). 

What this study does share in common with Venkatram and Lee (2004) is an interest in 

the same industry and a mirroring of their data sampling process.  They collected principle data 

on product offerings from three industry-consumer focused websites – www.gamefaqs.com, 

www.gamespot.com and www.ign.com.  They used this list of product offerings and release 

dates to collect a monthly interval list of releases.  Based on this release information, they used 

the producer firms’ websites to generate additional information.  They used concurrence across 

the three public sites and the producing firm sites to indicate information accuracy and used fine-

grained information from the publisher site to resolve any discrepancies in spelling/terminology. 

In addition to the sources used by Venkatraman and Lee (2004), this study will also use 

information provided by the Entertainment Software Rating Board (www.esrb.org), 

www.gameranking.com and www.mobygames.com.  These sites provide similar information to 

the sites used by Venkatraman and Lee (2004), but augment with information of particular 

interest for this study.  For example, the ESRB site provides the initial details of the age-range 

rating applied to a software title, much as the Motion Picture Association of America (MPA) 

labels films as G, PG, PG-13, R and NC-17.  Mobygames, alternately, represents a site supported 

by the industry which tracks the credits of game releases.  This offers an authoritative source for 

reconciling producer and developer organization roles and further details which divisions of 

larger organizations were involved in production and services.  In this way, distinction between 

the several disconnected segments of Electronic Arts is easily resolved (i.e. EA Games is not EA 

Sports which is not Electronic Arts). 

http://www.gamefaqs.com/�
http://www.gamespot.com/�
http://www.ign.com/�
http://www.esrb.org/�
http://www.gameranking.com/�
http://www.mobygames.com/�
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Using the data collection process detailed by Venkatraman and Lee provides guidance on 

developing entries for each product and the details appropriate for that product such as the 

developer and producer of record.  Developing profiles for each producer and developer and 

moving that to an industry network map requires additional effort.  Uzzi and Spiro (2005) 

provide guidance on this process.  In their study of Broadway Musicals and creative teams, Uzzi 

and Spiro face a similar set of objectives as the one encountered in this dissertation. 

Their approach, and the one utilized herein, involves depicting the emergent industry 

network based on the pattern of interactions across projects.  In their case, the projects were the 

specific Broadway musicals while their actors were the principle creative talent involved with 

developing the musical.  For my purposes, the projects are the software titles released in any 

given time period while the actors are the collections of publishers and developers involved with 

the creation, marketing and distribution of the title (see Figure 3.1).   

For this example, let us assume an industry comprised of six company actors listed as C1-

C6 respectively.  In the first time period, imagine that these six actors collaborate in such a way 

that five products are released which are depicted as P1-P5.  By first depicting which corporate 

actors (c) were involved in which projects (p), we can move to an interaction network showing 

which firm actors are linked to which other firm actors. 

We then move forwards to a second hypothetical time period in which the same actors 

collaborate to produce three software projects (P-P3 for time segment two).  Following the same 

process in time period two, the interaction network of the six corporate entities is again depicted.  

Each of these interaction networks represent the pattern of activity in the industry for time period 

one and two respectively.  This is simply a historical depiction of interaction, period by period, 

for this hypothetical industry.  Moving this towards a potential research question related to this 

dissertation, we would be interested in knowing whether or how the social interaction of these 
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actors in the first two periods influences the quality of products released in the third (current) 

period.  To do this, we must collapse the period by period interactions for all timeframes 

considered relevant. 

 

 

   

How many timeframes is a function of the pace of development for the industry in 

question.  Specifically for this study, I will follow Stuart’s (2000) guidelines.  Stuart suggests 

that, in rapid development environments, interactions more than two years removed play little 

role in the capability set of a firm in a current timeframe.  Recall that this is consistent with 

P1 P2 P3 P4 P5 P1 P2 P3 

C1 C2 C3 C4 C5 C6 C1 C2 C3 C4 C5 C6 

C1 

C2 

C3 

C4 

C5 

C6 

C1 

C2 

C3 

C4 

C5 

C6 

C1 

C2 

C3 

C4 

C5 

C6 

Period One Activity Period Two Activity 

Emergent Industry Network 

Legend 
 
 = Software Title 
○ = Firm Identity 

Figure 3.1 – Emergent Industry Networks 
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evolutionary economic theories which position firm capability sets as a series of Markov chains, 

wherein the recent capability set is directly determined by its immediate predecessor, but not 

necessarily influenced by prior periods.  Returning to our Figure 3.1 example, a two period 

collapsed time sample offers an emergent industry network depicting all relevant collaborative 

firm-to-firm interaction for our precedent two periods.  The bottom diagram, the emergent 

industry network, thus represents the sociogram of social interaction illustrating the various 

social capital constructs available to each corporate actor entering period three.   

This is the approach I will use to move from the software project release table developed 

following Venkatraman and Lee (2004) to the sociograms necessary to create social capital 

measures for each firm.  Using a two year lag (Stuart, 2000) preceding each titles release, the 

relevant social matrix for each industry actor can be calculated as suggested by Uzzi and Spiro 

(2004).  The combination of the product table and time specific social matrices will enable 

operationalization of each of the constructs relevant to this study.  A sequential list of the steps 

involved follows. 

1. Generate a list of all software titles released during the sampling timeframe and 
twenty-four month precedent period. 

2. Code each title for producer, developer, product genre, release date, reviewer 
rating, age-rating, hardware platform, 3rd party intellectual property, sequel or 
franchise, playstyle, use of 3rd party engine and whether the title is a ported series 
(definitions for these terms follow). 

3. Develop a firm by firm listing of products.  This tabulates data for each firm over 
the sample.  From this, a firm profile is developed showing which categorical 
areas each firm had experience in for any given monthly period in the sample. 

4. Develop 24-month preceding social matrix for each monthly period of releases.  
Collapse this to a single matrix to depict the emergent industry network leading in 
to each month’s release. 

5. Using the emergent network for each for the preceding 24-month window as the 
source data for organizational (dyad and individual firm) capabilities in the month 
a new software title is released, calculate relevant social network indicators 
(structural and relational) for each actor.  These figures are added to the firm 
profiles developed in step 3. 
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6. For any given product released in period t, use the firm profile for t-24 to 
determine appropriate values for all model variables. 

 

A Discussion of Planned Sample Size 

In determination of the appropriate sample for this study, I begin with a discussion of 

statistical power in multivariate regression analysis.  As this study will require deployment of a 

multi-level regression model (Contractor et al., 2006) and since the developed hypotheses entail 

direct and moderating relationships, some challenges emerge in determining optimal sample size.  

The largest confound to address involves the number of simultaneous hypothesis tests, a problem 

not uncommon in this type of strategy research.  As an example, Baum et al (2000) have as many 

as twelve hypothesis testing variables along with control variables in each of the various models 

used.  This is further complicated by the fact that my study also requires measures for both 

partnering firms at the individual and dyadic level as conducted in Uzzi and Spiro (2006).  In the 

Uzzi and Spiro study, again over ten variables at multiple levels are run simultaneously in 

regression models.  As my study uses firm variables for four constructs and two relational 

constructs, there will be a potential for ten (4*2+2) direct variables in each model.  Taking into 

account tests of moderation, my models will require anywhere from ten to twenty predictor 

variables.  This raises concerns for the experiment-wise error rate, which in turn influences 

consideration of power for the experiment. 

Estimation of appropriate sample size at varying power levels for varying number of 

model predictors appears in Table 3.3.  These values were calculated using Soper’s (2007) 

statistical power calculator.  For purposes of these calculations, I used a Bonferonni adjustment 

to the alpha level.  This entailed reducing my alpha from .05 to .0025 taking into consideration 

that as many as twenty simultaneous hypotheses may be undertaken at any given time.  Using 

.0025 as the desired alpha level, I then determined the optimal sample size given small, medium 
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and large effect sizes with ten, fifteen and twenty predictor variables for power levels between .8 

and .95 (Soper, 2007).  This is intended to provide a general range for the desirable sample size 

of the experiment. 

From this table, it becomes apparent that the power of this experiment is optimized with a 

sample in excess of 325.  This number of respondents offers high statistical power to detect up to 

a moderate effect size for the largest models anticipated in this study.  After the 325 cutoff, the 

necessary sample increase to dramatically improve the power of the experiment entails quite a 

staggering increase in sample size.  From a practical standpoint, the requisite sample to 

adequately capture a small effect size would be approximately 2280 software titles, with at least 

1350 required for the smaller models.  As the preponderance of the literature suggests that the 

constructs of interest in this study exert a substantial impact and as the practical value of a small 

effect size is questionable, I will focus the desired sample size around the goal of optimizing for 

a moderate effect. 

Table 3.3 – Sample Size Estimations Given Power 

Power 
Predictors .8 .85 .9 .95 

10 1351 
193 
91 

1464 
208 
97 

1612 
227 
106 

1844 
258 
119 

15 1542 
221 
106 

1666 
238 
113 

1828 
260 
122 

2081 
293 
136 

20 1702 
246 
119 

1835 
264 
126 

2009 
287 
136 

2280 
323 
151 

Notes: 
1. Sample size listings are based on weak, moderate and strong effect sizes respectively 
2. All entries assume a desired alpha of .0025, a desired power level by column and anticipated number of 

modeled predictors by row. 
 
  As noted in Table 3.2 earlier, thirty-three unique titles were released during the week of 

25-Mar, 2007.  This week is not considered atypical, however weekly releases may vary upwards 
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or downwards particularly during high seasonal shopping periods or around the releases of major 

hardware platforms.  Even so, using a conservative assumption of ten new products released per 

week, a twelve month sampling window should generate in excess of five hundred titles.  In 

order to capture a useful number of titles released during launch windows, it will be necessary to 

code from the beginning of the most recent console generation.  Thus, I plan to begin my 

sampling period at November, 2005 and proceed through the end of February, 2007.  This 

sixteen month window includes the three month launch windows for the Xbox 360, Playstation 3 

and Nintendo Wii and should offer an appropriate sample size to test the hypotheses previously 

developed. 

In addition to the sixteen month sampling window, I will need to code data for titles 

released in the twenty-four month window preceding my sample.  This will involve sampling 

back through November, 2003 which brings the total sampling time frame to forty months.  

Following this plan will produce an anticipated 640 titles in the analytic sample with over 1000 

titles providing background capability information for the twenty-four months prior to the 

sampling period.  This will ultimately involve coding over 1600 total titles in the total data set.   

 

Data Coding Considerations 

In the process of coding various product releases, distinction must be made for several 

categories.  These categories represent specific preferences and feature sets for various customer 

target segments.  Within each segment there exists general expectations of features and 

approaches to game design, both on the part of reviewers and players.  Understanding and 

executing appropriately on the requisite feature set is a primary responsibility of the development 

team.  Failure to implement the appropriate feature set will generally result in dissatisfaction 
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from the target constituency.  The following categories and segments within each category will 

be utilized: 

• Age group – Much like motion pictures, every video game has a general target 

audience.  Additionally, as a response to social outcry regarding more explicit games, movement 

within the industry has trended towards labeling titles based on the age-range the game was 

developed for.  The primary determination of age is provided by the Entertainment Software 

Ratings Board (ESRB), which uses a standard system for segmenting.  I will use the ESRB rating 

as an indicator of the target market segment (age specific) of the product.  The ESRB uses the 

following ratings – E for everyone, E 10+ for everyone over age ten, T for teen, M for mature 

and A for adults only. 

• Genre – Again, as with motion pictures, video games cover a wide range of genres.  

Just as a romantic comedy differs from an action adventure or drama, a sports simulation differs 

from an action/platform game which differs from a role-playing game.  Each genre has target 

audiences with specific expectations of how game play should unfold and what experiences are 

expected and appropriate.  The industry uses a self-labeling system for genre which is replicated 

by reviewers.  The genres typically identified in the video game industry include – action (first 

person shooters), adventure (platform games), role-playing, simulations, strategy, racing/driving, 

and sports.  I will code the sampled games using the software developers listed category and will 

use the various reviews to reconcile any discrepancies or low population segments. 

• Platform.  Video games are released on a number of hardware platforms.  Each 

platform has a general target demographic.  For instance, Nintendo products typically emphasize 

younger children and family oriented games.  Additionally, each platform has its own distinct set 

of capabilities limited by its hardware and operating system configurations.  For purposes of this 

study, the platforms of interest represent the appropriate categorization coding for this attribute.  
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These include – personal computers (PC), Microsoft Xbox (Xbox), Microsoft Xbox 360 (360), 

Nintendo Gamecube (GC), Nintendo Wii (Wii), Nintendo Dual Screen (DS), Nintendo Game 

Boy Advanced (GBA), Sony Playstation 2 (PS2), Sony Playstation 3 (PS3) and Sony Playstation 

Portable (PSP).  Multi-platform releases are covered later under ‘ports.’ 

• Third party license – This will be a dichotomous category.  Some software titles enter 

into external licensing agreements to procure naming rights for their title based on other popular 

media.  While this increases the marketing reach of the product it also adds complexity to the 

software design as the established customer base as well as the owners of the intellectual 

property have unique demands and expectations on the appropriate feature set for the product.  In 

an often repeated industry example, when EA sports first procured rights to use of John 

Madden’s name for their highly successful John Madden Football series, it came with the 

expectation that John Madden had a voice in the required feature set for the titles.  In the earliest 

version of the game, hardware limitations caused the development team to focus on a seven-man 

football simulation, abstracting offensive and defensive linemen to a single block model.  

Madden has recounted in various interviews his shock and dismay at the decision and nearly 

pulled the plug on the Madden series, causing EA sports to find an eleven-man solution (G4TV, 

2002).  Software developers who choose to use 3rd party licenses must balance the demands of an 

external stakeholder group, which can greatly increase complexity of product development.  

Because of this, I will use a simple dichotomous indicator for titles which have 3rd party 

licensing. 

• Branded franchise - Some software titles are so successful that they become the 

birthing grounds for entire intellectual property franchises.  In these cases, both sequels and 

expansion packs, which represent distinct SKU’s and separate development processes will be 

developed.  In some cases, these titles are also 3rd party licenses such as the afore referenced 
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John Madden Football for EA sports, which releases a new software version for virtually every 

platform every year.  In other cases, these franchises are internally held licenses such as Blizzard 

Entertainment’s Warcraft franchise which has products in the strategy and role-playing genres.  

While successfully developing a branded franchise greatly increases the marketing power of 

software titles, the creation of a branded franchise adds complexity to the development process.  

Established customers of a branded franchise have expectations of the content of the franchise 

titles.  These expectations include, for instance, expectations of gameplay, feature sets and 

internal ‘lore’ consistency (i.e. what happened to a character in one version of the game should 

influence what happens in subsequent titles).  This requires creation and maintenance of product 

to product knowledge management, which can increase the complexity of the design.  As such, I 

will use a dichotomous measure to indicate whether a product is part of a branded franchise. 

• Play style – This category captures the first of two important decisions a software 

developer faces early in the design process.  This decision involves the number of players the 

game is intended to provide experiences for.  Many games are single player games.  The entire 

experience is intended to be interacted with and consumed by a single audience member at a 

time.  Other games emphasize multiplayer game play.  In these titles, more than one player may 

take part simultaneously and the players themselves often interact in the course of play.  The 

decision between single and multiplayer design is not a trivial one.  There are important 

expectation differences for each.  Single player games place greater demands on the developer to 

provide an immersive experience for the player.  Multiplayer games must take into account the 

increased randomness provided by different players making different choices.  To account for the 

differences here, this first indicator will use a dichotomous measure for single or multiplayer 

game play.  Software developers routinely provide this information with their product 

descriptions.   
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• Internet functionality - The second decision involves whether the entire content of the 

game will be incorporated in the released title or whether the game will have Internet 

functionality.  Internet functionality ranges from content additions and online patching (fixes of 

product defects) which do not themselves constitute creation of a new intellectual property to 

game play elements where players interact with other players through Internet connections.  This 

latter feature includes two individuals playing a sporting game across Xbox live (an Internet 

match making service provided by Microsoft) to massively multiplayer online games such as 

Blizzard’s World of Warcraft where literally tens of thousands of players simultaneously interact 

in the same ‘virtual world.’  The decision to add Internet functionality adds networking 

requirements to the design process and requires the software product to accept inputs outside the 

framework of the traditional host platform.  To account for this, I will use a dichotomous 

indicator if the game has Internet functionality.  Again, software developers typically provide 

this information in their description of the software title. 

• 3rd party engines – The game engine is the portion of the software product which 

handles rendering of graphics, depiction of sound and management of the information database.  

To the player of the video game, this is the ‘under the hood’ part of the game and is the 

management system for the content of the game.  Beginning in the 1990’s with the Quake engine 

and similar products, several companies began developing graphic engines as separate and 

distinct middleware products.  The creation of these products allowed software producers and 

developers to license an engine and focus their efforts on creation of the content (game play and 

story elements which frame the primary player experience).  While many companies choose to 

develop and manage their own engines for their software products, other companies use the more 

popular 3rd party engines both to facilitate their development process and even to add marketing 

clout to their product release.  As an example, the Unreal Engine by Epic Games has been used 
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by such diverse products as Sigil Games Vanguard Saga of Heroes (a role-playing title), Epic 

Games own Gears of War (an action game) and KnowWonder Digital Mediaworks Harry Potter 

and the Prisoner of Azkaban (an adventure game).  Software titles using a common 3rd party 

engine are linked by mutual thirds.  They share an industry contact who provides similar 

solutions.  Further, the developers of these 3rd party engines learn from their clients and extend 

that knowledge forward to code development and solutions to future clients.  I will, therefore, 

track use of common 3rd party licenses as a source of indirect ties between firms which will 

provide an important linkage element in calculation of both access and closure indicators. 

• Ports – Certain software publishers release their titles on multiple platforms.  In some 

cases, the same publisher-developer combination will release the title on every hardware 

platform.  However, in some cases, the publisher will work with one developer to make the 

principle game for its original hardware platform.  Following that, the publisher will retain other 

developers to ‘port’ the software title to a new hardware platform.  As an example, EA Sports is 

the publisher of record for all John Madden Football titles.  Their Xbox 360 releases are 

developed by the EA Tiburon division while the Wii version of the same product is ported over 

by EA Canada.  While this example plays out primarily within divisions of a much larger firm 

(Electronic Arts), another example demonstrates this process also occurs across corporate lines.  

In their title Test Drive Unlimited, publisher Atari used a variety of developers.  The 360 and PC 

versions were developed by Eden Studios, while the PS2 and PSP versions were developed by 

Melbourne House.  In these cases, the publisher works with the separate developers to make 

certain the features and functionality of the title are as similar as possible across platforms.  In 

either case though, the separate platforms constitute different software products and the different 

hardware platforms necessitate different approaches to interface and graphics as well as other 

concerns.  However, the interrelatedness of these ported titles merits special attention.  Because 
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of this, titles linked by a ‘port family’ create indirect linkages between developers.  While Eden 

Studios and Melbourne likely did not work directly together on the Test Drive Unlimited ports, 

recurring groups and personnel from Atari would have played a role in coordinating efforts of 

each organization.  As such, I will use ‘port family’ affiliations as a form of indirect tie or 

common affiliation between developers.  This will provide an important linking element in the 

calculation of various social capital measures. 

Table 3.4 – Categories of Entertainment Software 

Category Sub-Categories 
Age E (Everyone), E10 (Ages 10+), T (Teen), M (Mature), A (Adult) 
Genre Action, Adventure, Role-playing, Simulation, Strategy, Racing, 

Sports 
Platform 360 (Xbox 360), DS (Dualscreen), GC (Gamecube), PC (Personal 

Computer), PS2 (Playstation 2), PS3 (Playstation 3), PSP 
(Playstation Portable), Wii (Wii), Xbox (Xbox). 

3rd Party License 
(3PL) 

Dichotomous  

Branded 
Franchise 

Dichotomous 

Playstyle Dichotomous – Single player or Multiplayer 
Internet 
Functionality 

Dichotomous 

3rd Party Engine 
(3PE) 

By Product Family – Gamebryo, Havok and Unreal.  During data 
collection, I will determine if other engines are frequently used.  All 
products in the same 3PE family will have their producers and 
developers coded as “linked” by a mutual third (the 3PE). 

Port By Product Family – This will be determined by a product title sort 
of the final product dataset.  All products in the same port family 
will have their producers and developers coded as ‘linked’ by a 
mutual third (the port). 

 

 

Operational Definitions of Constructs 

Analysis and testing of the hypotheses previously developed requires measurement of the 

following constructs – access, constraint, firm depth of experience, firm breadth of experience, 

relational capital depth, relational capital breadth, relative complexity, discontinuous technology 
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and new product success.  Review of the academic literature has informed selection of the 

appropriate method for collection and measurement of the indicators for each of these constructs.  

Each of these items is described below and are additionally depicted on Table 3.5. 

• Access – The concept of access was advanced as one of the two primary components 

of structural measures of social capital.  It is typically represented by measures of degree 

centrality, betweenness, closeness and eigenvector centrality.  Each of these measures will be 

depicted for both the producer and developer of a software title.  Specific formula and 

explanations for each of these measures appears in Chapter 2 in the discussion of social network 

analysis.  The calculation of the access measures for a firm in period t will be calculated using 

UCI net analysis of the combined emergent industry network for periods t-24 to t-1. 

• Closure – The concept of closure was advanced as the second component of the 

structural measures of social capital.  It is generally represented by measures of ego network 

density, Burt’s redundancy measures and Krackhardt’s Simmelian tie count.  As with measures 

of access, each of these indicators will be calculated for both the producer and developer of a 

software title.  As with access, these calculations for a given producer or developer in period t 

will be conducted using UCI net software examination of the combined emergent industry 

network for periods t-24 to t-1. 

• Firm depth of experience – During the data collection for each software title, a 

number of categories (previously listed) will be coded.  Following this, a separate profile will be 

developed for every producer and developer appearing in the data collection process.  At time t 

for the release of a given software title, the amount of experience a firm has in each of the 

categories which comprise that title will amount to the sum of experience producing similar titles 

in the preceding t-24 periods.  As defined, this will produce experience values for each of the 

nine categories.  Determination of whether to use these indicators separately for each 
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producer/developer or to generate a scale measure for depth of experience will be addressed later 

in this chapter under discussion of scale creation. 

• Firm breadth of experience – Similar to Firm Depth of Experience, this construct will 

be operationalized using a comparison of twenty-four month preceding software development 

comparisons to the current product for both the publisher and developer.  The appropriate 

indicator for this comparison is the entropy indicator discussed in Chapter 2.  As with depth of 

experience, this will result in the generation of nine different entropy measures each for the 

producer and developer.  Discussion of whether to include these indicators separately or 

inclusively in a scale will occur later in this chapter. 

• Relational capital depth – This is the first of two dyadic measures used in the research 

design.  It will be operationalized using a count indicator of repetitions of the number of past 

software developmental releases between the producer and developer in the preceding twenty-

four month window. 

• Relational capital breadth – This is the second of the two dyadic measures used in the 

research design.  As a breadth of experience indicator it carries some conceptual similarities to 

firm breadth of experience, but this construct specifically relates to the similarity or dissimilarity 

of experience profiles for the publisher as compared to the developer.  Having already 

established the operationalization of the firm breadth of experience measure as an entropy 

indicator for each of the nine relevant product categories, this measure will compare the overlap 

in the two profiles.  As such, the appropriate model is the n-space Euclidean distance formula 

discussed in Chapter 2.  Each breadth indicator for each category will be considered a plot point 

in nine-dimensional space (one for each of the nine product categories).  The Euclidean measure 

demonstrates the conceptual distance from the experience profile of the publisher to the 

experience profile of the developer. 



   

167 

• Relative complexity – As detailed earlier, every software title will be coded based on 

its positioning within nine categories.  With that completed, the category coding of the title will 

be compared to the prior twenty-four month experience profile for both the publisher and 

developer.  For every category, if the company lacks experience in the category entry for the 

current product, relative complexity will be incremented by one.  This will generate a relative 

complexity score for both the producer and developer with a potential range from zero where the 

firm has experience in every category the current product is positioned in to a score of nine when 

the product is in categorical areas completely different than the experience base of the firm. 

• Discontinuous technology – This will be indicated by a dichotomous measure coded 

as one if the software product is released within the initial three month launch window of the 

hardware platform. 

• New product success – The indicator for new product success will be the average 

rating the software title receives from industry reviewers.  Information for reviews will be taken 

from www.gamerankings.com which compiles the ratings a number of separate reviewing sites 

have offered for the game title.  This includes both digital media (such as www.ign.com and 

www.gamespot.com) as well as printed media (such as Electronic Gaming Monthly or PC 

Gamer magazines).  For each game, the anticipated useful scores will come from the top digital 

media reviews (ign, gamespot and gamespy) as well as a relevant paper media source (Electronic 

Gaming Monthly for console and handhelds or PC Gamer for personal computer games).  All 

listed scores for a title will be recorded and I will attempt to create a usable scale based on the 

more frequently reported sources. 

  

http://www.gamerankings.com/�
http://www.ign.com/�
http://www.gamespot.com/�


   

168 

Table 3.5 – Operationalization of Constructs 

Construct Indicator 
Access Degree Centrality, Betweenness, Closeness, Eigenvector 

Centrality 
Constraint Ego Network Density, Burt’s Redundancy, Simmellian Ties 
Firm Depth Frequency Count by Category 
Firm Breadth Entropy Measure by Category 
Relational Depth Frequency of Interaction between Producer and Developer 
Relational Breadth Euclidean Distance in 9-degree space by Firm Breadth measure 
Relative Complexity Count measure for number of product categories a firm has no 

experience in 
Discontinuous 
Technology 

Dichotomous indicator if the product is released in the 3-month 
launch window. 

Project Success Reviewer ratings 
 

 
Evaluation of Measures 

The measures used in this study are determined to be appropriate because they are the 

ones commonly used for studies of these types (specifically the calculations detailed in Chapter 

2) and because published studies of similar types have used either the same or conceptually 

similar indicators.  It is recognized that when dealing with inherently network data, 

interdependency and non-normality are problems regularly encountered.  Contractor et al (2006) 

specifically recommend usage of maximum likelihood estimation techniques and note that MLE 

reaches virtually identical conclusions to the p* non-parametric tests. 

All efforts will be made prior to analysis to examine distributions to ascertain the 

magnitude of non-normality present.  Corrections for significant departures and adjustments for 

outliers will be conducted.  However, given the nature of this data it is recognized that some 

level of departure from normality is likely.  Careful adherence to guidelines established by 

knowledgeable experts will be followed in the analysis stage. 

Several of the construct operationalization detailed previously offer potential for scale 

analysis.  In particular the measures for access, constraint, firm depth of experience and the 



   

169 

dependent variable each offer potential scales.  Specifically in the case of the access and 

constraint measures for structural social capital, some evidence already suggests that these will 

each comprise a usable scale (Koka et al., 2002).  For each of the areas previously noted, I will 

conduct exploratory and confirmatory factor analysis using SPSS (exploratory) and SEM 

(confirmatory) to ascertain whether a usable scale is available.  Should scale feasibility be 

determined, the aggregate indicator will then be used in all analysis models.  Should the data not 

manifest reliable and valid scales, I will test each indicator separately.  In this case, confirmation 

of relevant hypotheses will be based on the preponderance of evidence across the group of 

indicators.   

For example, should the access measures (degree centrality, betweenness, closeness and 

eigenvector centrality) not comprise a usable scale, each indicator will be used separately and the 

final evaluation of the access hypotheses will take the totality of results into account.   At this 

time, the literature appears to prefer inclusion of multiple indicators for each construct (Baum et 

al., 2000; Baum et al., 2003; Gulati et al., 2003; Nicholls-Nixon et al., 2003; Singh et al., 2005).  

One study has, however, recently demonstrated that these multiple indicators are themselves 

subsets of larger constructs and the theoretical literature groups these separate indicators as 

components of overarching constructs.  I believe the long-term trend will be along the scale 

direction demonstrated by Koka and Prescott (2002) and will attempt to replicate their social 

capital constructs. 

A final note in the evaluation of the data and measurement involves concerns for the 

nature of the data.  In particular, this is a pooled time-series analysis and it is quite likely that 

some firms (be they publishers or developers) may appear more than once in the analysis time 

window.  This is a recognized and common occurrence with such data.  The common approach 
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to control for potential complications is to include a full model with firm specific effects.  This 

will be the approach I take during the analysis stage of this study. 

 

Data Analysis Plan 

In this section I describe the anticipated data analysis plan for this study.  I begin with a 

discussion of the level of analysis.  Following this I provide literature examples of similar studies 

and note analytic approaches used.  I then review guidelines provided by Contractor et al. (2006) 

relating to multi-level hypothesis testing.  I then conclude with a discussion and illustration of 

anticipated analytic models I intend to use in my study. 

The question of level of analysis is important and somewhat problematic.  In its most 

basic form, the level of analysis for this study is the project level.  The research question 

involves examination of antecedents of the success of new product development projects and the 

hypotheses were developed specifically to test at the project level.  This is consistent with 

research guidelines suggesting that, in these conditions, the appropriate analytic level is the 

project (Stock et al., 2000).  Further, the project level is also the testing level used in similar 

studies (Ethiraj et al., 2005; Uzzi et al., 2005).  From this, I conclude that a project level of 

analysis is appropriate for this study. 

However, a project level of analysis itself imposes some challenges.  A test of the 

antecedents of project level success requires inputs which are themselves multi-level in nature.  

My research model calls for testing of firm specific and relational constructs which necessitates 

modeling of both firm and dyadic variables.  While this creates some challenges from an analytic 

perspective, my study also meets calls for multi-level research (Contractor et al., 2006; 

Hagedoorn, 2006; Parkhe et al., 2006).  Prior to development of my analytic models I will first 

demonstrate how multi-level research is currently conducted on similar strategic management 
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topics after which I will detail specific guidelines for conducting multi-level analysis.  While a 

number of the studies previously cited used multi-level analytic techniques, I will provide more 

detailed discussion of four such studies: Ethiraj et al. (2005), Stuart (2000), Chung et al. (2000) 

and Uzzi and Spiro (2005). 

Ethiraj et al. (2005) offer a study examining antecedents of the success of new client 

specific projects.  Their study is significant for illustration because the level of analysis was the 

project level and because their testing used both team and dyadic measures.  Specifically, in an 

examination of the financial contribution (their measure of success) for a project, they modeled 

project management capability at the team level and utilized a dyadic indicator to track whether a 

client history existed.  Their analysis utilized a general least squares regression format. 

Stuart (2000) conducts a study examining innovativeness and sales growth for firms as a 

function of the partnering network of the firm.  While the level of analysis of the dependent 

variable is the firm level, the analysis uses firm and network (group) measures.  Here, firm 

specific variables like age, size and country of origin are interacted with network level measures.  

The primary network measures used are the summed sales (in dollars) of all ego network 

contacts and the in-degree patent citation centrality of ego network contacts.  His pooled time 

series analysis uses fixed effects for firms with a least squares constant estimator taken from 

Tuma and Hannan (1984). 

Chung et al. (2000) provide a study of alliance formation at the time of project formation.  

In particular, their study evaluates whether a firm is selected as a participant to participate in an 

IPO syndicate.  Here, the level of the dependent variable is dyadic and estimates whether an 

alliance is (or is not) formed with each potential network actor in each project.  Their analysis 

includes variables at three different levels – project, firm, dyad and clique.  Project level 

attributes include specifics of the IPO such as deal size.  Firm specific measures involved entries 
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for the size of each partner, that is the analytic model contained separate entries for the size of 

each potential dyadic partner.  Dyadic measures involved application of relational capital 

measures for depth (repeated interactions) and breadth (propensity of overlap).  Clique level 

attributes involved calculation of mutual-thirds (similar to Simmelian ties).  Their analysis uses 

logistic regression as their variable of interest is whether (or not) alliance formation occurs. 

Uzzi and Spiro (2005) conduct an evaluation of predictors of financial and critical 

success of Broadway musicals.  I have previously detailed this study in chapter 3: this study also 

uses the project level of analysis.  Both variables of interest for Uzzi and Spiro are at the musical 

(project) level of analysis, however their predictors occur at the team and network levels.  They 

model team effects which are themselves simply averages of the scores for the key individuals 

occupying roles of interest (i.e. producer, director, choreographer, etc.).  Additionally, they 

utilize small world measures which entail network level measures for the year the musical was 

released.  They report findings at both the individual and network level using OLS (for financial) 

and probit regression (for critical acclaim, they use a three level variable flop, neutral, rave for 

critical review). 

The studies previously described model various aspects of the study I propose.  Two of 

these studies test data at a project level and all of the studies conduct tests at multiple levels.  I 

offer them as referent examples and to use as illustrations as I move on to a description of the 

multi-level techniques recommended by Contractor et al. (2006).  As discussed in Chapter 2, 

Contractor et al. (2006) provide detailed modeling recommendations for researchers engaging in 

analysis requiring simultaneous assessment of individual, dyad, group and network level 

variables.  They advocate use of maximum likelihood estimation (MLE) techniques and either 

logit, probit or multivariate regression as appropriate by the nature of the dependent variable.  

While their paper technically recommends use of a modification of MLE noted as p*, their 
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demonstration uses both p* and MLE and notes that no differences manifest in the final 

hypothesis testing using either technique. 

Under their guidelines, the researcher begins modeling at the lowest analytic level.  

Subsequent levels are added iteratively with checks for significance made prior to proceeding to 

the next highest level of analysis.  Therefore, individual level variables are included in the first 

iteration, dyadic in the second iteration, group (or clique effects) in the third iteration and 

network effects in the fourth iteration.  They observe that not all research uses all four levels, the 

hierarchy offered remains the recommended approach with omission of levels as appropriate for 

the given study. 

I intend to conduct my statistical analysis using hierarchical multivariate regression 

analysis using maximum likelihood estimation.  This technique can be conducted using AMOS 

software emphasizing the regression (similar functions are available in SAS, but not directly in 

SPSS), rather than structural, models.  While I will utilize a structural modeling software 

package, this will not involve direct application of SEM techniques.  I reject the use of SEM in 

this study for two reasons - the multi-level nature of the predictors and the use of moderating 

hypotheses.  While advances are being made in SEM addressing each of these areas, it remains 

true that SEM is not currently the generally recognized platform for testing multilevel and 

moderating hypotheses.   

The hypotheses developed occur at two hierarchical levels, firm specific and dyadic.  The 

firm specific level includes hypotheses for firm capabilities and firm structural capital for the 

time periods preceding the release of the software title.  The dyadic hypotheses involve the 

relational capital depth and breadth of the partnered firms for the time periods preceding the 

release of the software title.  Additionally, the firm specific and dyadic hypotheses are developed 

in direct and moderated format.  By convention, researchers test direct relationships and then 
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hierarchically add interaction effects.  This effectively means my analysis occurs at two 

hierarchical levels (individual and dyadic) with two stages (direct and moderated) necessary at 

each level. 

Level 1 Stage 1 involves examination of the firm specific attributes alone.  This will 

require entries for each firm as consistent with the work of Chung et al. (2000).  Therefore, 

Model 1.1 can be depicted as: 

Equation 3.1 – Level 1, Stage 1 Model 

ijijijiji odStrDevStrodCapDevCapy PrPr +++=  
yi= success of new product development for title i. 
DevCapij = Capability measures for developer j involved with project i. 
ProdCapij = Capability measures for producer j involved with project i. 
DevStrij = Structural capital measures for developer j involved with project i. 
ProdStrij = Structural capital measures for producer j involved with project i. 

Level 1 Stage 2 involves the introduction of moderating hypotheses.  Here the procedure 

involves generation of interaction variables necessary for each construct.  I introduce the 

interaction effects, for both the producer and developer, for each moderator simultaneously.  This 

requires development of at least two distinct models for the capability measures and structural 

capital measures: 

Equation 3.2 – Level 1, Stage 2 Model 

nInteractioodStrDevStrodCapDevCapy ijijijiji ++++= PrPr  
yi= success of new product development for title i. 
DevCapij = Capability measures for developer j involved with project i. 
ProdCapij = Capability measures for producer j involved with project i. 
DevStrij = Structural capital measures for developer j involved with project i. 
ProdStrij = Structural capital measures for producer j involved with project i. 
Interaction = Moderating relationship being tested 

Level 2, Stage 1 involves testing of the second hierarchical level hypotheses.  These are 

the hypotheses related to dyadic variables – specifically relational capital breadth and depth.  

Following the guidelines of Contractor et al. (2006), the direct dyadic variables will be added to 

the Level 1, Stage 1model resulting in the following general form: 
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Equation 3.3 – Level 2, Stage 1 Model 

ijkijijijiji lationalodStrDevStrodCapDevCapy RePrPr ++++=  
yi= success of new product development for title i. 
DevCapij = Capability measures for developer j involved with project i. 
ProdCapij = Capability measures for producer j involved with project i. 
DevStrij = Structural capital measures for developer j involved with project i. 
ProdStrij = Structural capital measures for producer j involved with project i. 
Relationalijk = Relational capital measures for producer j and developer k on project i. 

Level 2, Stage 2 involves testing the moderating hypotheses specific to the dyadic 

variables.  As with Level 1, Stage 1 this involves addition of interactive terms to the base model.  

In this case, the base model is Level 1, Stage 1 and the additional term takes the following form: 

Equation 3.4 – Level 2, Stage 2 Model 

ijkijkijijijiji nInteractiolationalodStrDevStrodCapDevCapy +++++= RePrPr  
yi= success of new product development for title i. 
DevCapij = Capability measures for developer j involved with project i. 
ProdCapij = Capability measures for producer j involved with project i. 
DevStrij = Structural capital measures for developer j involved with project i. 
ProdStrij = Structural capital measures for producer j involved with project i. 
Relationalijk = Relational capital measures for producer j and developer k on project i. 
Interactionijk = Moderating variables for developer k and producer j given project i. 

Some of the moderating hypotheses do not follow a pure interactive form.  Specifically 

Hypotheses 2a, 2b,4a, 4b, 5a, 5b, 7a and 7b suggest that the nature of the relationship changes at 

different levels of the moderating variable (relative complexity).  In these situations, the 

appropriate method of testing involves effectively a repeat of a Stage 1 equation for a slice of the 

data set.  The specific slice is the appropriate level of the relational capital measure, high or low.  

At this time, my intention is to use a median split approach on the relational capital measure and 

list each half as a subordinated data set (high complexity and low complexity respectively).  In 

the main data set, a dummy variable will be coded as a 0 for low complexity and a 1 for high 

complexity.   

There are two approaches I can use to examine these hypotheses.  One, previously noted 

would involve separate regression runs using the same regression model on the high complexity 



   

176 

and low complexity subordinated data sets.  Alternately, an intriguing option to investigate 

would be an application of a hierarchical linear model where different levels of complexity (the 

dummy variable) are treated as different groups in the iterative models.  Should this method be 

taken, a procedure in SAS would allow estimation of the base model (identical to the Stage 1 

models previously detailed), with higher level iterations checking for intercept and slope changes 

between the base (low complexity) and high complexity groups. 

In order to appropriately test the hypotheses generated, a number of regression models 

are required.  Each of these follow the general level and stages detailed previously.  For 

clarification purposes, a sample table by model is provided in Table 3.6 below.  Here, the 

regression model number, the variables entered and hypothesis being tested are noted.  As 

appropriate given the hypotheses, squared terms have been added to test curvilinear effects. 

Table 3.6 – Regression Models - Continuous Moderators 

Model 
Term 

Model 1 Model 2 Model 3 Model 4 

General 
Model 

Level 1, Stage 1 Level 1, Stage 2 Level 2, Stage 1 Level 2, Stage 2 

Controls # Titles this 
period 
Ranking – same 
genre 
Firm Effects 
Ranking – same 
platform 

# Titles this period 
Ranking – same 
genre 
Firm Effects 
Ranking – same 
platform 

# Titles this 
period 
Ranking – same 
genre 
Firm Effects 
Ranking – same 
platform 

# Titles this 
period 
Ranking – same 
genre 
Firm Effects 
Ranking – same 
platform 

General 
Model 

Level 1, Stage 1 Level 1, Stage 2 Level 2, Stage 1 Level 2, Stage 2 

Developer 
Variables 

Firm Access 
Firm Constraint 
Firm 
Capability 
Depth 
Firm Capability 
Breadth 

Firm Access 
Firm Constraint 
Firm Capability 
Depth 
Firm Capability 
Breadth 

Firm Access 
Firm Constraint 
Firm Capability 
Depth 
Firm Capability 
Breadth 

Firm Access 
Firm Constraint 
Firm Capability 
Depth 
Firm Capability 
Breadth 

(table continues) 
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Table 3.6 (continued). 
 

Model 
Term 

Model 1 Model 2 Model 3 Model 4 

Producer 
Variables 

Firm Access 
Firm Constraint 
Firm 
Capability 
Depth 
Firm Capability 
Breadth 

Firm Access 
Firm Constraint 
Firm Capability 
Depth 
Firm Capability 
Breadth 

Firm Access 
Firm Constraint 
Firm Capability 
Depth 
Firm Capability 
Breadth 

Firm Access 
Firm Constraint 
Firm Capability 
Depth 
Firm Capability 
Breadth 

Dyad 
Variables 

N/A N/A Relational 
Depth 
Relational 
Breadth 
Relational 
Breadth2 

Relational 
Depth 
Relational 
Breadth 
Relational 
Breadth2 

Interaction 
Terms 

N/A Developer 
Access*RC 
Producer 
Access*RC 
Developer 
Constraint*RC 
Producer 
Constraint*RC 
Developer 
Constraint*RC2 
Producer 
Constraint*RC2 

N/A Relational 
Depth*RC 

Hypothesis H1, H3 H1a, H2 H6, H7 H6a 
Notes 
Models 1-4 are regression models using MLE 
Bold = tested 
Controls include the total number of titles released in the period, the past period average ranking for the 
same genre of the game, fixed effects for each firm and the average ranking of titles for that platform in the 
past period. 

As discussed previously, several of the moderating hypotheses are given anticipating a 

change in the nature of the relationship across the range of the moderator.  These can be tested 

using separate regression runs for subordinated data sets or as ‘groups’ in a hierarchical linear 

model.  Under either testing scenario, though, additional models are required.  A depiction of 

these additional models appears in Table 3.7 below. 
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Table 3.7 – Regression Models - Categorical Moderators 

Model 
Term Model 5 Model 6 Model 7 

General Model Level 1, Stage 1 Level 1, Stage 2 Level 2, Stage 1 
Condition High and Low RC High and Low RC High and Low RC 
Controls # Titles this period 

Ranking – same genre 
Firm Effects 
Ranking – same 
platform 

# Titles this period 
Ranking – same genre 
Firm Effects 
Ranking – same 
platform 

# Titles this period 
Ranking – same genre 
Firm Effects 
Ranking – same 
platform 

Developer 
Variables 

Firm Access 
Firm Constraint 
Firm Capability Depth 
Firm Capability 
Breadth 

Firm Access 
Firm Constraint 
Firm Capability Depth 
Firm Capability Breadth 

Firm Access 
Firm Constraint 
Firm Capability Depth 
Firm Capability Breadth 

Producer 
Variables 

Firm Access 
Firm Constraint 
Firm Capability Depth 
Firm Capability 
Breadth 

Firm Access 
Firm Constraint 
Firm Capability Depth 
Firm Capability Breadth 

Firm Access 
Firm Constraint 
Firm Capability Depth 
Firm Capability Breadth 

Dyad Variables N/A N/A Relational Depth 
Relational Breadth 

Interaction 
Terms 

N/A Developer 
Breadth*Depth 
Producer 
Breadth*Depth 
Developer 
Breadth*Depth2 
Producer 
Breadth*Depth2 

N/A 

Hypothesis H2a, H2b, H4a, H4b H5a, H5b H7a, H7b 
Notes 
Models 5-7 can be tested either as MLE regressions on subordinated data sets (high and low complexity) or using a 
dichotomous grouping variable for complexity level in an HLM model.  Bold = tested  
Controls include the total number of titles released in the period, the past period average ranking for the same genre 
of the game, fixed effects for each firm and the average ranking of titles for that platform in the past period. 
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CHAPTER 4  
 

ANALYSIS 
 

This chapter details the analytic techniques used in hypothesis testing.  The structure of 

this chapter consists of six primary sections.  The first section provides a summary of the 

hypothesis.  The second section includes a discussion of the data collection.  The third section 

discusses the preliminary diagnostic processes including descriptive statistics and correlation 

analysis.  The fourth section provides an overview of the modeling techniques used in this study.  

Section 5 details the various models used to test each hypothesis.  Section 6 offers an 

examination of the power for each model and a discussion of implications of the varying power 

levels in the study.  Section 7 discusses the potential alternate modeling technique possible using 

network analytic approaches.  Section 8 concludes with a final tabulation of hypotheses and 

notation of which predictions were supported, which operated in opposing directions, which 

techniques demonstrated support for moderators, and which hypotheses did not reach 

significance. 

In addition to the sections of analysis detailed in this chapter, a number of preliminary 

data analysis and findings appears in the appendix.  In particular, this includes industry analysis, 

analysis of variance by various categories of data, correlation analysis for each construct and 

discussion of factor-analysis findings for various constructs.  Specifically focusing on the 

construct development efforts, exploratory factor analysis using SPSS and confirmatory factor 

analysis of the latent constructs was conducted in AMOS.  With few exceptions (Koka & 

Prescott, 2002), most of the research examined in the social capital and firm capability literature 

uses multiple single-indicators for each conception of capital or capabilities.  As noted, some 

efforts have been made recently to use social capital in a construct format, in this study I 

attempted to replicate this process.  While more discussion appears in the appendix, the general 
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conclusion of this exploratory path was that some indication of constructs manifest, but the 

general utility of these constructs negated their usefulness in this study.  As construct 

development was not a primary focus of this study, and as the general research tradition in both 

fields involves multiple items for each construct, I have left aside the issue of construct for this 

study. 

 

Section 1 – Summarized Hypothesis 

The purpose of this dissertation was to examine firm and relational factors which 

influence the quality of jointly developed products.  This study examines the following 

hypotheses. 

Hypothesis 1:  Firms with higher levels of access will outperform lesser 
endowed firms in their new product development endeavors. 

Hypothesis 1a:  Relative complexity moderates the relationship between 
access and the success of new product development efforts.  As the level 
of relative complexity increases, firms with higher levels of access will 
outperform lesser endowed firms in their new product development 
endeavors. 

Hypothesis 2:  The value of constraint as a determinant of new product success 
is contingent on the relative complexity of the new product development 
project.   

Hypothesis 2a: Higher levels of constraint provides success in low 
complexity projects. 

Hypothesis 2b: Low levels of constraint provide success in more 
complex projects. 

Hypothesis 3:  Firms with greater depth of experience in new product 
development will have more success in their new product development 
projects than will firms with lesser levels of experience. 

Hypothesis 4:  The value of breadth of firm capabilities is contingent upon the 
relative complexity of the new product development project.   

Hypothesis 4a:  In conditions of high complexity, firms with a broader 
competency base should excel. 

Hypothesis 4b:  In conditions of low complexity firms with a narrow 
competency base should excel. 
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Hypothesis 5:  The relationship between depth*breadth is moderated by the relative 
complexity of the project. 

Hypothesis 5a:  Under conditions of low relative complexity, a 
curvilinear relationship exists between depth*breadth and the success of 
new product development.  In this range, as complexity increases, the 
benefits of depth*breadth should at first increase but then decrease after 
a point of inflection. 

Hypothesis 5b:  Under conditions of high relative complexity, the value 
of generalization should outweigh the benefits of specialization for the 
success of new product development.  In this range, as relative 
complexity increases the benefits of depth*breadth should also increase. 

Hypothesis 6:  Dyads with greater levels of relational depth will outperform 
lesser endowed dyads in their new product development endeavors. 

Hypothesis 6a:  Relative complexity moderates the relationship between 
relational capital depth and the success of new product development 
efforts.  Dyads with higher levels of relational capital depth, facing 
relatively complex projects, will under perform dyads with less relational 
depth. 

Hypothesis 7:  An inverted U relationship exists between breadth of relational 
capital and the success of new product development.  As relational capital 
breadth increases success should at first increase to a point of inflection and 
then ultimately decrease as breadth continues to increase. 

Hypothesis 7a:  For conditions of low relative complexity, the influence 
of relational breadth on the success of new product development will be 
highest when a high level of overlap exists. 

Hypothesis 7b:  For conditions of high relative complexity, the influence 
of relational breadth on the success of new product development will be 
greatest when a low level of overlap exists. 

 

Section 2 – Data Collection  

This dissertation drew its sample from archival sources available via the Internet.  Two 

primary commercial sources, Gamespot and IGN, maintain databases of titles released by 

platform.  Each source catalogs a number of pieces of information regarding each title.  These 

include the title of the game, data of release, platform, publisher, developer, other platforms the 

title was released on, genre, play style, network capabilities, ESRB rating, and a brief description 

of the title.  A third website, GameRankings, was used to capture composite reviewer scores for 
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each title by platform.  In the process of reviewing and recording title data determination of the 

titles IP status (internally created or externally licensed) and branded status (new IP or sequel) 

was determined.  In general this information is provided in the opening paragraph description of 

the title, is obvious through the name of the title (i.e. Baldur’s Gate 2, or Madden 2007), or could 

be determined through examination of the individual websites maintained for that title by the 

publisher and developer. 

In total, information was tracked for 3,778 titles released from November, 2003 to May, 

2007.  During this period of industry activity, there are 234 different entities listed as publishers 

in the data set combining to produce 3778 titles. The average titles per publisher is 16.14 and the 

average publisher contributes roughly .42% of the total titles in the data set.  Some publishers are 

distinctly larger than others. Sixteen publishers each contribute in excess of 2% of the titles in 

the data set. As such, these large publishers were tested to determine whether a unique control 

variable was necessary for their collective impact on the data set. Large publishers include: 

Activision (214), Atari (145), Capcom (93), Electronic Arts (131), EA Games ‐ a division of 

Electronic Arts (95), EA Sports ‐ another division of Electronic Arts (139), Eidos Interactive 

(82), Konami (161), Midway (90), Namco (93), Nintendo (127), Sony (88), Sega (112), THQ 

(206), Ubisoft (208), and Vivendi (107). 

By comparison, there are 965 distinct developers listed in the data set. The average 

developer produces 7.83 titles, contributing .21% to the data set. Using a .75% contribution 

threshold, there are 12 large developers. These include: A2M (45), Blitz Games (30), Capcom 

(33), Climax (30), Digital Eclipse (38), EA Canada ‐ a division of Electronic Arts (131), EA 

Tiburon ‐ a division of Electronic Arts(52), KCE Hawaii ‐ a division of Konami (54), Maxis 

(29), Namco (43), Ubisoft Montreal ‐ a division of Ubisoft (53), and Vicarious Visions (36). 
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Note, this does not necessarily mean there are 1,199 (965 developers and 234 publishers) 

unique organizational entities in the data set. There are a number of entities that function, under 

the same identity, as both publishers and developers (while still remaining distinctiveness for 

firms who have separate organizational units providing publishing or developing services 

specifically).  During data collection, these situations were tracked by adding a ‘same entity’ 

measure for situations when the publisher of record and developer of record were the same. 

It was necessary to make a decision as to how to handle various sub-entities of large 

organizations like Electronic Arts.  One possibility would have involved simply folding all EA 

entities into one entity record while the alternate direction would involve leaving them distinct.  

Ultimately the latter direction was chosen.  There are several reasons favoring this path.   

First, the industry itself tracks activity this way.  Focusing on Electronic Arts, the various 

entities under the EA label are tracked and listed as their unique divisional names (EA Canada, 

EA Sports, EA Tiburon, etc.) and the same is true for companies like Ubisoft, Sony and Midway.  

Second, it is relatively obvious that these distinctions are more than simply superfluous.  Each 

entity within the EA family (again by example) has a very specific focus on titles, projects, 

genres and platforms.  In other words, actors within the industry appear to use these distinct 

divisions to highlight areas of focus, mirroring the direction of interest in this study.  Third, the 

entities themselves are generally separated geographically from the corporate headquarters and 

operate with varying degrees of autonomy.  By example, Ubisoft maintains distinct operating 

divisions in Montreal, Shanghai, Paris and other locations.  Fourth, prior research has focused 

more on the operating unit level over the corporate parent level (Ethiraj et al., 2005; Tsai, 2001).  

In each of these studies, specific attention was paid to activity at the operating unit level 

(department or division) with emphasis on whether the units primary customer group was 

internal (same corporate parent) or external (not the same corporate parent).  Fifth, corporate 
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family in virtually all cases becomes apparent in the network affiliations.  While most large 

publishers maintain projects from developers within and without the corporate family, over time 

it the interrelated activities and shared projects between subsidiary units itself places the 

subsidiary within an arm’s reach of the publisher parent.  In essence, pooling the publishers and 

developers into common corporate parent pools would have unnecessarily reduced the variance 

in the data set while offering benefits easily achieved via other measures (specifically network 

access and constraint measures). 

While forty-three months of data exists supporting this study, only the final nineteen 

months were used to analyze the data.  The lead in twenty-four month period provided 2014 

titles of information.  These titles provided ‘pre-analysis’ information on publisher, developer, 

and network activity necessary to create the 2-year lead in profiles necessary for each month of 

the nineteen period data set.  The remaining nineteen months offered another 1,764 titles which 

provided data for the analysis set.  Using a broad time sample prior to the actual study period 

allowed avoidance of left-censoring effects wherein the earliest titles (in the analysis set) are 

artificially prohibited from having the same potential range of independent measures as the titles 

occurring later in the analysis set. 

Creation of the final analysis matrix required three distinct phases, each of which 

contributed specific measures to the final data set.  The earliest stage, described in the beginning 

of this section, entailed simple recording of titles released per month over the entire range of data 

sampling.  For purposes of analysis, the measures obtained are detailed in Table 4.1. 

  



   

185 

Table 4.1 – Product Categories 

Measure Meaning Used 
Release Date  Preliminary analysis and examination of distribution 

of the dependent variable. 
Title  Combined with platform, used to cross-validate and 

determine accuracy of data results 
Platform Hardware the title was 

released on 
Preliminary data analysis, examination of distribution 
of the dependent variable, and combined with title to 
maintain record-uniqueness 

Publisher Entity responsible for 
funding, managing, 
and distributing the 
title 

Creation of publisher profile matrices as well as 
network activity matrices. 

Developer Entity responsible for 
primary software 
coding and 
development of 
internal processes. 

Creation of developer profile matrices as well as 
network activity matrices. 

Genre Primary play type (e.g. 
sports, driving, etc.) 

Carried over to publisher and developer matrices and 
used in examination of distribution of the dependent 
variable. 

Playstyle Single player or multi 
player 

Carried over to publisher and developer matrices and 
used in examination of distribution of the dependent 
variable. 

Port Released on a single 
platform or multiple 
platform 

Carried over to network matrices to show indirect ties 
and used in examination of distribution of the 
dependent variable. 

3rd Party External or Internal IP Carried over to publisher and developer matrices and 
used in examination of distribution of the dependent 
variable. 

Branded New IP or Sequel Carried over to publisher and developer matrices and 
used in examination of distribution of the dependent 
variable. 

Networked Simultaneous 
gameplay on multiple 
hardware 
(dichotomous) 

Carried over to publisher and developer matrices and 
used in examination of distribution of the dependent 
variable. 

ESRB Target demographic Carried over to publisher and developer matrices and 
used in examination of distribution of the dependent 
variable. 

Score Composite score of 
professional reviewers 

Used as dependent variable in study 

 
The second stage of data creation required development of separate publisher and 

developer profiles.  This required sorting all activity from the proceeding step by publisher (or 
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developer) and then by date of release.  From this, separate tables were created for each publisher 

and developer tracking all activity in the twenty-four months leading up to each month in the 

analysis set.  Based on these profiles, publisher and developer specific measures for depth and 

breadth of experience at a specific point in time were estimated.  These measures are discussed 

in Table 4.2. 

Table 4.2 – Firm Capability Categories 

Measure Meaning 
Firm 
Depth 

Depth of experience for each of seven categories tracked (see 3.5).  For 
example, depth of experience in ESRB for month 25 would provide 
count information for each of the ESRB levels that a firm had activity in 
the preceding month. 

Firm 
Breadth 

Breadth of experience (i.e. specialization or generalization) for each of 
the seven categories tracked.  A single measure was created for each 
publisher (and developer) for each category. This measure was estimated 
using the Entropy index approach described in Chapter 2. 

 
The third stage of data creation required preparation of network measures.  This entailed 

creation of a twenty-four month lead in activity matrix for each of the nineteen months in the 

analysis set.  Each activity matrix tracked the number of direct ties occurring between every pair 

of publishers and developers active in that proceeding twenty-four month window.  In addition to 

these direct ties, indirect ties were also recorded.  These indirect ties allowed for publisher to 

publisher and developer to developer linkages where the pair of firms (either publishers or 

developers) had been jointly active in similar projects.  The two primary methods for estimating 

indirect ties were port families and use of third party engines.   

Port status was recorded in the initial data collection.  In general, a port family has a 

single publisher and several developers (one developer for each platform the title is released on).  

However, in less occurring situations, a title will have a single developer and more than one 

publisher.  This occurs, generally when a developer releases a title with one publisher on a single 

platform.  Then, after the success of the title, the developer releases the title on a second platform 
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and uses a new publisher to bring that latter project to market.  Indirect ties were recorded 

wherever a port title was released simultaneously or had come out in a proceeding period.  In this 

way, the later titles would show an indirect tie to the previous entity while the initial title would 

not. 

Third party engines are occasionally used to aid in the development process of 

entertainment software.  Typically these engines are graphic engines offering the developer to 

fast-track production of a title, although some ‘back-end’ development engines are also 

available.  During recording of the initial data set, engines mentioned in the description 

paragraphs were recorded separately for later research.  Those engines appearing more than once 

were examined in-depth, generally involving an examination of the engine creators website and 

other online sources to determine all titles using that engine.  As with port families, indirect ties 

were recorded to all entities using that engine in the twenty-four months prior to the publisher or 

developer using the engine during the analysis set.  The engines which appeared most frequently 

are recorded on Table 4.3. 

Table 4.3 – Third-party Development Engines 

Engine Number of Titles 
Gamebryo 12 
Havok Engine 6 
Jade Engine 7 
Lithtech 6 
Source Engine 11 
Unreal 49 

 
Recording of indirect ties is intended to capture outside sources of learning in the 

production of an entertainment software titles.  For example, it makes some sense that the 

provider of the third party engine learns and improves its product based on each customers 

purchase and deployment of a title using that engine.  Therefore, publishers and developers using 

a third party engine receive the benefit (tracked as a contact) from all of the publishers and 
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developers who proceeded them in the use of an engine.  Similarly, in the creation of ports, the 

various entities involved in different platform incarnations of a port have the ability to learn 

either directly through interaction or indirectly through observation of a completed product. 

Each of these direct and indirect ties were coded for each publisher and developer in each 

of the nineteen months making up the analysis set.  These nineteen interaction matrices were 

used as inputs into UCINET, a network analysis statistical software package developed by 

Analytic technologies (Borgatti et al., 2002).  UCINET provides methods of estimation for the 

various structural capital measures required for Hypotheses 1 and 2.  Measures created during 

this stage of analysis are listed in Table 4.4. 

Table 4.4 – Social Capital Categories 

Construct Description 
Access For each publisher and developer, four measures of access were cacluated.  

These included degree centrality, betweenness, closeness, and eigenvector 
centrality. 

Constraint For each publisher and developer, four measures of constraint were 
calculated.  These included ego network density, Burt’s efficiency 
measure, Burt’s constraint measure, and Burt’s hierarchy measure. 

Relational Depth The dyadic indicator of history between each publisher and developer 
combination for the twenty-four months prior. 

Relational Breadth A Euclidean distance estimation of the difference in Firm-breadth for each 
publisher and developer across the seven categories of experience tracked. 

 
Extensive discussion of the characteristics and dispositions of the titles in the data set are 

provided in the appendix, the remainder of the data collection process involved preparation of 

the analysis set and operationalization of measures. Once the three rounds of data collection were 

complete, the analysis data set was formed.  This involved pulling together the relevant measures 

from each of the two prior stages for each title listed in the first stage.  In other words, given a 

title released in month n, produced by publisher p and developer d, and having specific attributes 

for the seven tracked categories (genre, platform, playstyle, networked, ESRB, 3rd party, and 

branded), only the appropriate depth values for publisher p and developer d for each attribute 



   

189 

were carried into the analysis set.  Similarly, for each title, only the relevant dyadic entry 

between publisher p and developer d were carried through for the relational capital depth and 

breadth measures.  Once this information was moved into the analysis data set, the relative 

complexity moderator, moderated interaction terms, and second-order effects necessary for 

hypothesis testing were calculated.   

 

High and Low Complexity Subsets 

Once the analysis data set was complete, two additional data sets were necessary for 

testing certain subordinated hypotheses.  In these cases (specifically H2, H4, H5, and H7) expect 

different relationships to manifest at high and low levels of complexity.  In some cases, these 

were testable using a mean-centered interaction term for the independent variable and the 

relative complexity measure.  In other cases though, the hypothesis required a split of the data 

set.  To do this, a cluster analysis of the relative complexity measure was calculated.  Details of 

the cluster analysis process as well as subset analysis for H2 and H4 are provided in the 

appendix. 

 

Section 3 – Preliminary Diagnostics 

In this section, I examine various aspects of the distribution of the measures used in this 

study.  I begin with a depiction of the descriptive statistics for all measures in the study.  These 

will include distributions at the full analysis level and, when called for by hypotheses, a similar 

breakdown at the high and low complexity subsets.  I also conducted an examination of analysis 

of attribute measures on the dependent variable.  The entire high and low complexity descriptive 

statistic analysis as well as systemic variance of the dependent variable diagnostics appears in the 

appendix.  The ANOVA designs reported in the appendix examine where systematic variance 
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occurs, potentially calling for additional control measures.  Following that, I provide a discussion 

of scale investigation in this study.  While scales are not specifically called for, nor even 

routinely used in this area of inquiry, the number of similar measures collected warrants 

examination of whether usable scales appear within the data set.  The section then concludes 

with an examination of correlations between the dependent variable and the various measures of 

each construct.  Similar to the process used in descriptive statistic analysis, the correlation 

analysis is conducted at the full analysis level and, where called for by hypothesis, subsets of 

high and low complexity. 

 

Descriptive Statistics 

The dependent variable used in this study lists under the label scores.  Scores represents 

the composite score drawn from GameRankings for the title released. As demonstrated in Table 

4.5, the dependent variable measure exhibit few significant departures from normality.  While 

the data for scores demonstrates some skewness and kurtosis, it is within the guidelines of +/-9 

for kurtosis and +/-3 for skewness suggested by (Kline, 1997).  It is noteworthy that the range for 

scores drops in high complexity settings (mean = .635) compared to all (mean = .66) and low 

complexity (mean = .667).  This offers some tentative support for the concept of relative 

complexity as a moderator on the various predictors of score.  It further offers some confidence 

in the utility of the categorical cluster analysis detailed earlier.  Overall, examination of the 

distribution of the dependent variable provides confidence that the dependent variable is 

appropriate for commonly used statistical analysis procedures. 
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Table 4.5 – Dependent Variable Score, Descriptive Statistics 

 N Mean Median S.D. Skewness Kurtosis 
Scores 1764 0.660114 0.675 0.142653 -0.73516 0.563935 
At High Complexity 469 0.634646 0.645 0.145567 -0.63539 0.248739 
At Low Complexity 1295 0.667485 0.684 0.140786 -0.76104 0.65685 
 
 
 
Relative Complexity – Moderator 

The relative complexity measure is an untested approach to investigating the concept of 

complexity.  To calculate this measure, I have used the developer's experience working with 

titles of a similar nature.  The relative complexity is incremented by 1 for every dimension 

(platform, genre, playstyle, branded, third party, networked and ESRB) the developer has zero 

experience.   

 One concern of the use of this measure was whether any variance in the distribution of 

this measure would manifest.  As indicated in Table 4.6, the distribution is bimodal with peaks at 

'0' (i.e. some experience in every dimension) and '7' (i.e. projects for which the developer has 

absolutely no experience). 

Table 4.6 – Moderator Relative Complexity Frequencies 

 Frequency Percent 
0 577 32.71% 
1 406 23.02% 
2 192 10.88% 
3 120 6.80% 
4 62 3.51% 
5 33 1.87% 
6 8 0.45% 
7 366 20.75% 

 
As with other measures, this measure may be problematic for parametric tests.  The 

distribution is not atypical of other count indicators and seems to provide some variation - 

indeed, at least a few cases manifest at each of the seven possible levels of relative complexity.  
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Descriptive statistics for relative complexity appear in Table 4.7   Technically, the skewness and 

kurtosis indicators are within acceptable ranges (Kline, 1997), however the observed bimodal 

distribution is problematic.  This measure is never entered directly into any analysis, it serves as 

the moderator for a number of hypotheses and provides the categorical breakdown for the high 

and low complexity examination. 

Table 4.7 – Moderator Relative Complexity Descriptive Statistics 

  Mean Median Variance Std. Deviation Skewness Kurtosis 
Relative 
Complexity 2.363894 1 7.037948 2.652913 0.883092 -0.80275 

 
It bears note that the count indicator seems the most expedient measure to examine this 

phenomenon.  Alternate methods are likely feasible and represent an intended ongoing extension 

of research beyond this dissertation. 

 

Firm Depth Indicators 

These measures represent depth of experience indicators for publishers and developers 

across the seven categories tracked for each entity.  All depth measures are a count measure 

representing the total number of incidences (as determined by past titles) a publisher or 

developer has worked on projects with similar attributes in the past twenty-four months.  A 

detailed description of these measures appears in Table 4.8. 

Table 4.8 – Firm Capability Depth Measures 

Measure Target Meaning 
PD_Genre Publisher Experience with the same genre as the current project. 
PD_Play Publisher Experience with the same playstyle (single or multiplayer) as the 

current project. 
PD_Brand Publisher Experience with the same IP type (new or sequel) as the current 

project. 
PD_3P Publisher Experience with the same IP origin (internally developed or 

externally licensed) as the current project. 

(table continues) 
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Table 4.8 (continued). 
 

Measure Target Meaning 
   PD_Netwrk Publisher Experience with the same network configuration (one hardware 

device or networked devices) as the current project. 
PD_ESRB Publisher Experience with the same ESRB rating (targeted demographic) as 

the current project. 
DD_Plat Developer Number of projects within the past 24-months (i.e. experience 

with) developed on the same platform as the current project. 
DD_Genre Developer Experience with the same genre as the current project. 
DD_Play Developer Experience with the same playstyle (single or multiplayer) as the 

current project. 
DD_Brand Developer Experience with the same IP type (new or sequel) as the current 

project. 
DD_3P Developer Experience with the same IP origin (internally developed or 

externally licensed) as the current project. 
DD_Netwrk Developer Experience with the same network configuration (one hardware 

device or networked devices) as the current project. 
DD_ESRB Developer Experience with the same ESRB rating (targeted demographic) as 

the current project. 
  

Unsurprisingly, the values for publisher specific measures exhibit non-normal tendencies.  

In virtually all measures, the distribution of values peaks at the low range and, in some cases, the 

distributions are bimodal.  While the skewness and kurtosis scores for publishers depicted in 

Table 4.9 are within acceptable ranges for analysis, it is recognized that the bimodal distribution 

represents a potential confound to analysis. 

Table 4.9 – Publisher Capability Depth Descriptive Statistics 

  Mean S.D. Median Skew Kurtosis 
PD_Plat 8.99 8.99 6.00 1.01 0.19 
PD_Genre 10.44 15.94 6.00 3.05 10.14 
PD_Play 28.59 25.34 21.00 0.69 -0.76 
PD_Brand 29.33 26.88 19.00 0.69 -0.90 
PD_3P 31.19 28.65 24.00 0.92 -0.19 
PD_Networked 27.41 24.99 20.00 0.93 -0.05 
PD_ESRB 18.39 20.36 11.00 1.53 1.70 

 
For developers, the situation is substantially more problematic.  Developer distributions 

are reported in Table 4.10.  All skewness values, save that for platform experience land outside 

the recommended +/-3 and all kurtosis values are outside the +/-9 targets (Kline, 1997).  This 
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renders use of standard statistical models like OLS unreliable and generates some concerns with 

MLE results as well.  I note, though, that count measures such as these represent a commonly 

used approach to estimating depth of experience (Phene et al., 2006; Stern et al., 2004) and 

researchers are advised that MLE analysis provides estimates comparable to more complex non-

parametric techniques for such data (Contractor et al., 2006). 

Table 4.10 – Developer Capability Depth Descriptive Statistics 

  Mean Median S.D. Skewness Kurtosis 
DD_Plat 1.83 1.00 2.88 2.94 11.33 
DD_Genre 3.89 1.00 9.78 5.07 27.65 
DD_Play 6.28 2.00 13.58 4.36 20.17 
DD_Brand 6.58 2.00 14.33 4.09 17.50 
DD_3P 6.38 3.00 10.99 3.75 16.54 
DD_Netwrk 5.58 2.00 10.06 3.85 17.35 
DD_ESRB 4.66 2.00 9.98 4.39 21.02 

 
 
 
Firm Breadth Indicators 

In this section I examine the distribution of firm specific breadth measurs.  These 

measures represent the entropy index for each firm at a point in time given their proportional 

experience with each level of a category.  Breadth measures are anticipated as being moderated 

by relative complexity, therefore this segment contains distributions of both direct and 

moderating measures.  A full depiction of the breadth measures appears in Table 4.11. 

Table 4.11 – Publisher Capability Breadth Measures 

Measure Target Meaning/Discussion 
Score DV Composite score of professional reviewers 
PB_Plat Publisher Breadth of experience across platforms. Increased score 

represents a more diverse portfolio of projects. 
PB_Genre Publisher Breadth of experience across genres. 
PB_Play Publisher Breadth of experience across playstyles. 
PB_Brand Publisher Breadth of experience between new and repeated IP's. 
PB_3P Publisher Breadth of experience between internal and external IP's. 

 
(table continues) 
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Table 4.11 (continued). 
 

Measure Target Meaning/Discussion 
   PB_Netwrk Publisher Breadth of experience between single and networked 

hardware. 
PB_ESRB Publisher Breadth of experience across ESRB ratings (demographic 

groups). 
PBM_Plat Publisher Mean centered multiplied by relative complexity 
PBM_Genre Publisher Mean centered multiplied by relative complexity 
PBM_Play Publisher Mean centered multiplied by relative complexity 
PBM_Brand Publisher Mean centered multiplied by relative complexity 
PBM_3P Publisher Mean centered multiplied by relative complexity 
PBM_Net Publisher Mean centered multiplied by relative complexity 
PBM_ESRB Publisher Mean centered multiplied by relative complexity 
DB_Plat Developer Breadth of experience across platforms. Increased score 

represents a more diverse portfolio of projects. 
DB_Genre Developer Breadth of experience across genres. 
DB_Play Developer Breadth of experience across playstyles. 
DB_Brand Developer Breadth of experience between new and repeated IP's. 
DB_3P Developer Breadth of experience between internal and external IP's. 
DB_Netwrk Developer Breadth of experience between single and networked 

hardware. 
DB_ESRB Developer Breadth of experience across ESRB ratings (demographic 

groups).. 
DBM_Plat Developer Mean centered multiplied by relative complexity 
DBM_Genre Developer Mean centered multiplied by relative complexity 
DBM_Play Developer Mean centered multiplied by relative complexity 
DBM_Brand Developer Mean centered multiplied by relative complexity 
DBM_3P Developer Mean centered multiplied by relative complexity 
DBM_Net Developer Mean centered multiplied by relative complexity 
DBM_ESRB Developer Mean centered multiplied by relative complexity 

 
For publishers, the direct measures generally meet distributions comparable to a standard 

normal distribution.  Publisher distributions are reported in Table 4.12.  Slight skewness and 

kurtosis are observed, but all values are well within acceptable ranges for parametric analysis 

(Kline, 1997).  The moderated measures become somewhat more problematic.  This is 

unsurprising given that they take on part of the distribution characteristics of relative complexity.  

However, none of the moderated measures exceed the +/- 3 threshold for skewness or the +/-9 

threshold for kurtosis. 
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Table 4.12 – Publisher Breadth Capabilities Descriptive Statistics 

  Mean S.D. Median Skewess Kurtosis 
PB_Plat 1.31 0.66 1.56 -0.88 -0.49 
PB_Genre 1.46 0.75 1.76 -0.92 -0.57 
PB_Play 0.52 0.24 0.63 -1.53 0.72 
PB_Brand 0.49 0.24 0.62 -1.20 -0.21 
PB_3P 0.44 0.27 0.54 -0.71 -1.10 
PB_Networked 0.54 0.23 0.64 -1.69 1.36 
PB_ESRB 0.88 0.44 1.06 -0.99 -0.33 
PBM_Plat -0.517 3.356 0.435 -1.756 3.170 
PBM_Genre -0.215 3.393 0.542 -1.659 3.861 
PBM_Play -0.038 1.135 0.167 -2.465 6.525 
PBM_Brand -0.024 1.149 0.183 -2.095 4.918 
PBM_3P -0.081 1.203 0.204 -1.360 2.362 
PBM_Net -0.094 1.169 0.148 -2.641 6.906 
PBM_ESRB -0.135 2.084 0.331 -1.892 4.407 

 
 
For developers, breadth values are generally lower than for publishers.  Developer 

distributions are reported in Table 4.13.  This suggests that, on average, publishers are more 

generalized in their activity than developers.  Given the presence of large publishers and the 

nature of the publisher/developer relationship this is not entirely surprising.  Developer 

distributions land within acceptable levels of normalcy, implying these measures are appropriate 

for the analysis forthcoming. 

Table 4.13 – Developer Breadth Capabilities Descriptive Statistics 

 Mean S.D. Median Skewness Kurtosis 
DB_Plat 0.76 0.70 0.69 0.21 -1.45 
DB_Genre 0.51 0.58 0.41 0.80 -0.41 
DB_Play 0.25 0.30 0.00 0.43 -1.66 
DB_Brand 0.24 0.29 0.00 0.50 -1.54 
DB_3P 0.21 0.29 0.00 0.70 -1.35 
DB_Netwrk 0.28 0.30 0.00 0.25 -1.79 
DB_ESRB 0.39 0.45 0.00 0.58 -1.18 
DBM_Plat -1.187 2.882 -0.138 -0.750 -0.855 
DBM_Genre -0.841 2.026 -0.120 -0.446 -0.944 
DBM_Play -0.413 1.057 -0.254 -0.263 -1.026 

(table continues) 
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Table 4.13 (continued). 
 

 Mean S.D. Median Skewness Kurtosis 
DBM_Brand -0.397 1.019 -0.243 -0.194 -0.945 
DBM_3P -0.354 0.931 -0.214 0.042 -0.655 
DBM_Net -0.463 1.132 -0.281 -0.397 -1.052 
DBM_ESRB -0.669 1.562 -0.390 -0.365 -1.024 

 
 
 

Firm Breadth*Depth Measures 

This analysis focuses on the breadth*depth interaction projected as Hypothesis 5.  Here 

the expectation is that breadth*depth (BD) has a different relationship with success at different 

levels of relative complexity.  Specifically, at high levels of relative complexity, breadth-depth is 

expected to have a positive correlation as generalists should outperform specialists.  At low 

levels of relative complexity though, a curvilinear function is expected wherein learning 

companies outperform specialists and ultimately learning companies (those who generally 

specialize, but have some breadth) outperform generalists.   

 This analysis requires creation of an interaction term BD as well as a squared term BD.  

It will be difficult to get an accurate test of BD while either B or D are present as this moderator 

could not be mean centered.  The problem with mean centering either B or D prior to creation of 

BD has to do with the BD2 term needed to test the curvilinear Hypothesis H5A.  Negative and 

positive terms of the mean centered measure would confound meaning of the squared term.  

Because of this, B and D were left in their normal form.  Further complicating issues, B for many 

firms is a number between zero and one.  Only for firms highly-generalized firms does B exceed 

one while a pure specialist has a value for B approaching zero.  Particularly for firms with low 

experience (low-D), this multiplication produces distributions of BD between 0 and 1.  When 

this occurs, the meaning of the squared term necessary for H5A becomes problematic.  As such, 
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values for P were increased by 1 before producing the BD interaction term for the second order 

effect.  A full depiction of measures used for publishers appears in Table 4.14. 

Table 4.14 – Publisher Breadth-Depth Measures 

Measure Meaning 
Score Composite score of professional reviewers 
PDB_Plat Breadth profile for platform multiplied by the title-specific platform 

experience for publisher 
PDB_Genre Breadth profile for genre multiplied by the title-specific genre experience for 

publisher 
PDB_Play Breadth profile for playstyle multiplied by the title-specific playstyle 

experience for publisher (single/multi) 
PDB_Brand Breadth profile for brand multiplied by the title-specific brand experience for 

publisher (sequel or new IP) 
PDB_3P Breadth profile for 3rd party multiplied by the title-specific 3rd party 

experience for publisher (external or internal IP) 
PDB_Network Breadth profile for networked hardware multiplied by the title-specific 

network hardware experience for publisher 
PDB2_Plat Square of PDB_Plat 
PDB2_Genre Square of PDB_Genre 
PDB2_Play Square of PDB_Play 
PDB2_Brand Square of PDB_Brand 
PDB2_3P Square of PDB_3P 
PDB2_Network Square of PDB_Network 
PDB2_ESRB Square of PDB_ESRB 

 
As there is no direct hypothesis for the depth-breadth interaction, and since the 

expectation at high and low levels of complexity change, the only descriptive provided are those 

at high and low complexity levels.  For publishers, at a high level of complexity, a number of 

violations from normality appear.  Publisher measures are reported in Table 4.15.  In particular, 

with the squared values, the mean and median differ substantially for some measures.  

Specifically, PDB2_Plat has a mean of 304.09 with a median of 13.988.  While skewness levels 

are generally acceptable, the squared term for genre (5.076) and ESRB (3.927) are above the +/-3 

threshold.  While most kurtosis levels are within the acceptable +/-9 tolerance, the squared term 

for genre (29.35) and ESRB (17.316) are again problematic. 
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Table 4.15 – Publisher Breadth-Depth in High Complexity Descriptive Statistics 

  Mean Std. Deviation Median Skewness Kurtosis 
PDB_Plat 10.26459 14.11234 3.74 1.576 1.632 
PDB_Genre 10.33602 15.89711 3.507 2.431 6.996 
PDB_Play 12.15275 14.20973 6.238 1.262 .52 
PDB_Brand 11.33572 13.63561 6.227 1.395 1.083 
PDB_3P 11.47002 14.35259 5.581 1.454 1.382 
PDB_Network 12.44806 14.46045 6.832 1.3 .904 
PDB_ESRB 13.03671 17.97585 6.068 2.004 4.089 
PDB2_Plat 304.0866 638.4209 13.988 2.722 7.134 
PDB2_Genre 359.0147 1038.168 12.32 5.076 29.35 
PDB2_Play 349.1741 629.5707 38.938 2.149 3.666 
PDB2_Brand 314.0332 600.604 38.688 2.544 6.331 
PDB2_3P 337.1169 668.433 31.136 2.68 6.81 
PDB2_Network 363.6207 670.9555 46.649 2.529 6.165 
PDB2_ESRB 492.4152 1205.24 36.845 3.927 17.316 

 
For publishers working in a low level of complexity, I again observe some departures 

from normality.  Descriptive statistics are reported in Table 4.16.  Once again, the squared terms 

evidence substantial differentiation between the median and mean.  As an example, the squared 

term for ESRB has a mean of 872.761 with a median of 199.657.  In general skewness levels are 

within the +/-3 threshold, although genre (3.446) is problematic.  For kurtosis, the majority of the 

measures are within the +/-9 tolerance level, but genre (12.057) is again problematic. 

Table 4.16 – Publisher Breadth-Depth in Low Complexity Descriptive Statistics 

  Mean Std. Deviation Median Skewness Kurtosis 
PDB_Plat 14.48705 15.41495 8.663 1.024 -.036 
PDB_Genre 15.71581 19.31612 8.969 1.852 3.351 
PDB_Play 17.66725 15.80306 13.367 .563 -.984 
PDB_Brand 17.3816 15.79938 12.048 .826 -.354 
PDB_3P 16.60258 16.4982 12.094 .892 -.196 
PDB_Network 18.44658 15.65742 15.949 .76 -.19 
PDB_ESRB 20.60533 21.17813 14.129 1.281 1.321 
PDB2_Plat 447.3122 725.9729 74.996 1.978 3.254 
PDB2_Genre 619.7923 1395.779 80.461 3.446 12.057 
PDB2_Play 561.6898 729.3061 178.757 1.272 .354 
PDB2_Brand 551.5471 793.8794 145.203 1.757 2.231 
PDB2_3P 547.6133 836.0378 146.168 1.891 2.669 
PDB2_Network 585.244 810.5836 254.403 1.907 2.967 
PDB2_ESRB 872.7614 1558.513 199.657 2.879 8.651 
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For developers working at a high level of complexity, all measures exhibit substantial 

departures from normality.  Descriptive statistics appear in Table 4.17.  Means for all values are 

zero, suggesting that over half of all developers were either fully specialized, or working in an 

area of unfamiliarity when engaging in high complexity projects.  Considering that high 

complexity is, in part, defined by the absence of developer experience, this finding while 

unfortunate is expected.  Every skewness value is outside of the +/-3 tolerance range.  Every 

kurtosis value is outside of the +/-9 tolerance range.  It is likely, therefore, that the analysis of 

developer breadth-depth at high complexity levels will be difficult to interpret.  At this stage of 

research, while relative complexity is an introductory concept and modeled entirely through lack 

of experience, this loss of analytic capability is not unexpected.  Fortunately, all hypotheses are 

positioned in ‘a firm with’ formats, and the publisher values should be interpretable. 

Table 4.17 – Developer Breadth-Depth in High Complexity Descriptive Statistics 

  Mean Std. Deviation Median Skewness Kurtosis 
DDB_Plat 0.062883 0.325496 0 5.812 36.055 
DDB_Genre 0.010892 0.10351 0 10.704 123.2 
DDB_Play 0.017781 0.156847 0 9.576 94.397 
DDB_Brand 0.019785 0.203205 0 12.545 175.613 
DDB_3P 0.021197 0.17458 0 9.131 88.27 
DDB_Network 0.060635 0.532509 0 13.009 182.822 
DDB_ESRB 0.002956 0.045216 0 15.264 231.983 
DDB2_Plat 1.235441 1.322509 1 6.966 53.862 
DDB2_Genre 1.032594 0.325259 1 11.78 150.359 
DDB2_Play 1.060427 0.556176 1 10.144 105.567 
DDB2_Brand 1.081166 0.94779 1 15.357 262.234 
DDB2_3P 1.073257 0.638383 1 10.164 111.408 
DDB2_Network 1.407908 4.924151 1 14.949 225.344 
DDB2_ESRB 1.007961 0.121773 1 15.264 231.983 

 
For developers working at low levels of complexity, measures are somewhat better than 

the high-complexity level, but still largely problematic.  Descriptive statistics appear in Table 

4.18.  Again, mean median shifts are quite pronounced.  For example, the mean for the squared 

term for genre is 89.581 while the median is 2.867.  Skewness levels are outside the +/-3 
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tolerance level for all but two predictors.  Only the first order effect for playstyle (2.447) and the 

first order effect for branded (2.326) exhibit acceptable skewness levels.  For kurtosis, again 

nearly all measures are outside of the +/-9 tolerance threshold.  The same two measures, 

playstyle (6.335) and branded (5.069) are within tolerance ranges for kurtosis. 

My conclusion reviewing these statistics is that the breadth*depth interaction term is 

likely to be difficult to interpret using MLE estimation.  This hypothesis investigates a 

completely exploratory concept and the introduction of a breadth-depth interaction does not 

appear in the literature.  This is confounded by the inclusion of the relative complexity 

moderator.  While relative complexity is a logical theoretical fit, in this study the use of absence 

of experience on the part of the developer as an iterative measure of relative complexity 

complicates any interaction with depth of experience.  In general, the publisher values, while 

problematic are still usable. 

Table 4.18 – Developer Breadth-Depth in Low Complexity Descriptive Statistics 

  Mean Std. Deviation Median Skewness Kurtosis 
DDB_Plat 3.096347 5.591116 1.273 3.549 15.065 
DDB_Genre 3.614803 8.266621 .693 3.983 16.815 
DDB_Play 2.822272 4.411019 1.273 2.447 6.335 
DDB_Brand 2.868963 4.497382 1.273 2.326 5.069 
DDB_3P 3.047628 6.385823 .562 3.834 15.925 
DDB_Network 3.561222 6.579389 1.386 3.7 15.167 
DDB_ESRB 4.224937 9.464596 1.149 3.997 16.535 
DDB2_Plat 48.01649 169.8473 5.167 6.11 40.686 
DDB2_Genre 89.58067 367.1072 2.867 5.379 28.457 
DDB2_Play 34.05183 86.51189 5.167 4.115 18.024 
DDB2_Brand 35.1797 85.78872 5.167 3.413 10.893 
DDB2_3P 57.13054 220.1929 2.441 5.322 27.707 
DDB2_Network 64.05967 234.1512 5.694 5.308 27.594 
DDB2_ESRB 116.8094 478.0935 4.619 5.108 24.927 

 
 
 



   

202 

Structural Access Measures 

This section examines the four access measures calculated for publishers and developers.  

These measures are used in Hypotheses 1 and 1A requiring creation of a mean-centered 

moderator term in addition to the direct access measures.  The list of measures examined in this 

section appears on Table 4.19. 

Table 4.19 – Structural Capital Access Measures 

Measure Construct Meaning 
PA_Degree Publisher Degree centrality, count measure of all ties. 
PA_Close Publisher Closeness centrality, reach to all other actors. 
PA_Betwn Publisher Betweenness centrality, number of geodesics which must 

path through this actor. 
PA_Eigen Publisher Eigenvector centrality, centrality weighted for prominence to 

other central actors. 
PAM_Degree Publisher Moderator 
PAM_Close Publisher Moderator 
PAM_Between Publisher Moderator 
PAM_Eigen Publisher Moderator 
DA_Degree Developer Degree centrality, count measure of all ties. 
DA_Close Developer Closeness centrality, reach to all other actors. 
DA_Betwn Developer Betweenness centrality, number of geodesics which must 

path through this actor. 
DA_Eigen Developer Eigenvector centrality, centrality weighted for prominence to 

other central actors. 
DAM_Degree Developer Moderator 
DAM_Close Developer Moderator 
DAM_Between Developer Moderator 
DAM_Eigen Developer Moderator 

 
For publishers, the access measures approach normality.  Most of the mean-median 

comparisons are relatively similar.  Descriptive statistics appear in Table 4.20.  However, the 

standard deviations, particularly for the interaction terms are quite large.  Skewness values are 

nearly all within the +/-3 threshold, the lone exception being the moderated term for closeness (-

3.855).  Kurtosis is generally within the acceptable +/-9 range with again the moderated term for 

closeness (17.515) appearing as the lone exception. 
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Table 4.20 – Publisher Access Descriptive Statistics 

  Mean S.D. Median Skew Kurtosis 
PA_Degree 2.39 1.70 2.15 0.44 -1.00 
PA_Close 28.04 7.32 28.84 -2.25 6.58 
PA_Between 2.15 2.19 1.33 0.98 -0.14 
PA_Eigen 9.85 7.88 8.13 0.87 -0.09 
PAM_Degree -0.57459 7.49489 -.483 .275 2.478 
PAM_Close -3.989 42.38716 1.43 -3.855 17.515 
PAM_Between -0.46439 9.197817 -1.481 1.359 5.13 
PAM_Eigen -3.3144 33.3239 -2.233 .615 3.27 

 
For developers, once again problems with normality appear.  In particular this is true with 

the interaction terms where means and medians separate notably.  Developer access measures 

appear in Table 4.21.  As an example, the mean for the moderated closeness term is -48.999 

while the median is only -3.98.  Standard deviations are quite high for several measures as well.  

Only two measures violate the +/-3 threshold for skewness.  The direct term for betweenness 

(5.88) and the interactive terms for betweenness (7.085) each exceed the tolerance range.  Four 

measures violate the +/-9 kurtosis level.  The direct term for degree centrality (13.92), the direct 

term for betweenness (45.56), the moderator term for degree centrality (14.575) and the 

moderator term for betweenness (88.75) are all outside tolerance specifications. 

Table 4.21 – Developer Access Measures 

  Mean Median S.D. Skew Kurt 
DA_Degree 0.68 0.48 0.77 3.00 13.92 
DA_Close 21.29 25.67 11.34 -1.16 -0.25 
DA_Betwn 0.34 0.12 0.76 5.88 45.56 
DA_Eigen 3.94 2.69 4.37 2.10 7.01 
DAM_Degree -0.9405 -.3099 2.918334 1.491 14.575 
DAM_Close -48.9992 -3.98 89.99455 -1.415 .053 
DAM_Between -0.4773 -.317 2.352003 7.085 88.75 
DAM_Eigen -5.50696 -2 16.52165 .651 6.243 

 
A number of the structural access measures exhibit distributions that are concerning.  The 

distributions of these measures is not, in and of itself, surprising.  In general, access measures do 

not readily conform to normal distributions.  Further, access measures are jointly determined.  
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That is, the access measure for one publisher (or developer) is, in part influenced by access 

measures by adjacent developers (or publishers).  Interdependency is an accepted norm for 

network measures, indeed it is the point of a network study.  While these measures may provide 

difficulty in interpretation, I draw reference to other studies which have used these terms in 

standard analytic formats (Davis et al., 1997; Florin et al., 2003; Rowley et al., 2004) as well as 

research advice noting MLE parameters do not differ substantially from the non-parametric 

techniques common to network studies (Contractor et al., 2006). 

 

Structural Constraint Measures 

This examination is the various constraint measures which represent the measures 

necessary to test Hypothesis 2.  H2 expects a relationship moderated by relative complexity such 

that the function of constraint at low complexity is positive, while the function becomes negative 

in high complexity settings.  This analysis looks at the overall distribution for constraint with 

both first and second order terms.  It also includes the subset distributions using the cluster-

analysis determined high/low complexity sets.  All measures involved in this section are detailed 

in Table 4.22. 

Table 4.22 – Firm Structural Capital Constraint Measures 

Measure Construct Meaning 
DC_Dens Developer Ego network density, the proportion of ego network others who 

are themselves inter-linked. 
DC_Eff Developer Effeciency, one of Ron Burt's structural hole calculations.  

Similar to ego network density. 
DC_Constr Developer Ron Burt's structural hole measure. 
DC_Hierarc Developer Hierarchy.  An alternate measure Burt provides for structural 

holes.  Adjust constraint for the proportion of ties to linked by a 
single alter. 

DCM_Dens Developer Mean centered DC_Dens, multiplied by relative complexity. 
DCM_Eff Developer Mean centered DC_Eff, multiplied by relative complexity. 
DCM_Constr Developer Mean centered DC_Constr, multiplied by relative complexity. 

(table continues) 
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Table 4.22 (continued). 
 

Measure Construct Meaning 
DCM_Hierarc Developer Mean centered DC_Hierarch, multiplied by relative complexity. 
PC_Dens Publisher Ego network density, the proportion of ego network others who 

are themselves inter-linked. 
PC_Eff Publisher Effeciency, one of Ron Burt's structural hole calculations.  

Similar to ego network density. 
PC_Constr Publisher Ron Burt's structural hole measure. 
PC_Hierarc Publisher Hierarchy.  An alternate measure Burt provides for structural 

holes.  Adjust constraint for the proportion of ties to linked by a 
single alter. 

PCM_Dens Publisher Mean centered DC_Dens, multiplied by relative complexity. 
PCM_Eff Publisher Mean centered DC_Eff, multiplied by relative complexity. 
PCM_Constr Publisher Mean centered DC_Constr, multiplied by relative complexity. 
PCM_Hierarc Publisher Mean centered DC_Hierarch, multiplied by relative complexity. 
 
 

For publishers, departures from normality are present.  Descriptive statistics are reported 

in Table 4.23.  While means and medians are generally close together, standard deviations are 

quite large.  Only three of the eight measures are within the +/-3 tolerance for skewness; the 

direct measure of constraint (2.38) and hierarchy (.35) and the moderated term for hierarchy (-

.058).  The same three indicators are also within the +/-9 tolerance for kurtosis; the direct 

measure for constraint (6.64) and hierarchy (-.7) along with the moderated measure for hierarchy 

(4.096). 

Table 4.23 – Publisher Constraint Descriptive Statistics 

  Mean S.D. Median Skew Kurtosis 
PC_Dens 0.70 2.22 0.32 12.19 203.26 
PC_Eff 1.34 3.09 1.00 9.01 89.54 
PC_Constraint 0.18 0.19 0.12 2.38 6.64 
PC_Hierarchy 0.35 0.22 0.31 0.35 -0.70 
PCM_Dens -0.36577 5.532709 -0.00724 12.83077 221.9467 
PCM_Eff -0.00597 11.83589 -0.34978 13.33206 194.5203 
PCM_Constraint -0.01848 0.713984 0 4.250862 29.20413 
PCM_Hierarchy -0.13995 0.840614 0 -0.05828 4.095799 

 
For developers, similar problems manifest.  In general, the mean-median comparisons are 

fairly reasonable.  Descriptive statistics are reported in Table 4.24.  Standard deviations are high, 
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but generally lower than their publisher specific counterparts.  Three of the eight measures are 

outside the +/-3 range for tolerance; the direct measure for density (6.93) and efficiency (7.98) 

along with the moderated measure for density (5.39).  The same three measures exceed the +/-9 

tolerance for kurtosis; the direct measure for density (85.22) and efficiency (99.74) along with 

the moderated measure for density (49.55). 

Table 4.24 – Developer Constraint Descriptive Statistics 

  Mean S.D. Median Skew Kurt 
DC_Dens 0.84 2.61 0.00 6.93 85.22 
DC_Eff 0.85 0.83 1.00 7.98 99.74 
DC_Constr 0.30 0.24 0.28 0.51 -0.25 
DC_Hierarc 0.34 0.30 0.28 0.49 -1.00 
DCM_Dens -1.1094 4.825872 -0.84018 5.386695 49.55149 
DCM_Eff -1.05953 2.665101 0 -0.29667 7.000839 
DCM_Constraint -0.35717 0.955336 0 -0.99077 -0.1069 
DCM_Hierarchy -0.48836 1.045711 0 -0.82894 -0.26605 

 
For the most part, constraint measures are suitable for analysis with some areas for 

concern.  First, many of the measures exceed tolerances for skewness and kurtosis.  Second, all 

of these measures are jointly determined for actors.  This means, as with access, the value for one 

publisher’s (or developer’s) constraint measures are influenced by values for other developers 

(and publishers).  Finally, all of these measures are effectively modifications of ego network 

density, with the latter three representing various application of Burt’s structural hole theory 

(Burt, 1995).  As such, it is expected that these values will have a high internal correlation as 

well. 

Analysis will proceed with these measures for the following reasons.  First, many of the 

measures are tolerable for MLE analysis.  Second, the distributions observed are not unusual for 

density type measures.  Third, other researchers have used these types of measures in similar 

analysis (Baum et al., 2000; Rowley et al., 2004; Zaheer et al., 2005).  Fourth, researchers have 
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recently been advised that MLE parameters are not substantially biased relative to non-

parametric network analytic technique when using network measures (Contractor et al., 2006). 

 

Relational Capital Measures 

This section looks at the relational capital measures which comprise Hypotheses 7 and 8.  

This includes direct and moderated values at the full analytic level as well as high and low 

complexity subset analysis for relational capital breadth.  Descriptions for all measures 

investigated in this section appear in Table 4.25. 

Table 4.25 – Relational Capital Measures 

Measure Construct Discussion/Meaning 
RC_Depth Relational 

Capital Depth 
The number of times, in the past 24-months, this 
publisher/developer combination have worked together on a 
project.  This is an indicator of the experience these two 
entities have working together. 

RC_Breadth Relational 
Capital 
Breadth 

The Euclidean distance of the different breadth postures for 
each firm in n-dimensional space.  A larger number indicates 
the breadth profiles of the firms are fairly far apart.  In general 
large numbers suggest an indication of a specialist firm 
working with a generalist firm. 

RC2_Breadth Relational 
Breadth 

Squared term from RC_Breadth, used to test second order 
effects in H7. 

RCM_Depth Moderator Mean centered RC_Depth multiplied by relative complexity 
RCM_Breadth Moderator Mean centered RC_Breadth multiplied by relative complexity 

 
At the full analysis level, relational capital values appear relatively acceptable.  

Descriptive statistics are reported in Table 4.26.  While some departures from normality exist for 

the relational depth measures, these departures are within acceptable tolerances for skewness 

(2.56) and kurtosis (6.51).  The relational depth measure is a count-type indicator, with an 

expected skew.  Most observations are in the lower portion of the relational depth range, 

however the distribution appears suitable for analysis. 
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Table 4.26 – Relational Capital Descriptive Statistics 

  Mean Median S.D. Skewness Kurtosis 
RC_Breadth 1.66 1.56 0.90 0.14 -0.82 
RC_Depth 4.46 1.00 7.68 2.56 6.51 
RC2_Breadth 7.906 6.578 4.979 .67 -.51 
RCM_Depth -7.89163 -4.926 18.90999372 .565 1.782 
RCM_Breadth 0.846154 -.161 4.812819433 .185 2.398 
 

Relational capital breadth is also tested at the high and low complexity levels.  

Descriptive statistics are reported in Table 4.27.  At both the high and low complexity levels, 

relational capital breadth manifests acceptable normality indicators.  The mean breadth increases 

from the low complexity subset (1.493) to the full analysis set (1.66) to the high complexity 

subset (2.136) suggesting that publishers and developers breath profiles differ substantially on 

high complexity projects. 

Table 4.27 – Relational Capital Breadth by Complexity Subset Descriptive Statistics 

 Subset Mean Median S.D. Skewness Kurtosis 
High  2.136 2.502 1.09 -.821 -.486 
Low 1.493 1.386 .75 .389 -.431 
 
My conclusion from this section is that the relational capital measures appear appropriate 

for the analysis projected.  Depth measures, as most count measures, exhibit some skewness but 

within acceptable ranges. 

 

Correlation Analysis 

This dissertation uses a number of different measures as potential predictors and controls 

for variation in the dependent variable score.  For each of the seven major constructs, there are as 

many as seven direct measures for both the publisher and developer.  In some constructs, this 

also includes interaction terms and second-order effects.  As such, a full correlation table would 

be non-interpretable.  In this section, I provide the correlations between measures and the 
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dependent variable score.  This occurs for correlations in the full analysis level as well as high 

and low complexity subsets for appropriate measures.  A full examination of the correlations 

within each construct and subset analysis for all hypotheses appears in the appendix. 

 

Access Correlations 

Access was measured for two targets - the publisher and developer.  Measures of access 

are provided with descriptions appearing in Table 4.28.  These measures form the basis for 

testing Hypothesis 1 which expects a positive relationship between the dependent variable and 

access.  Further, H1A suggests that the positive relationship between access and quality increases 

as complexity increases.   

Table 4.28 – Access and Score Correlations 

Publisher Correlation p-value Developer Correlation p-value 
PA_Degree 0.035 0.143 DA_Degree -0.011 0.657 
PA_Close 0.006 0.787 DA_Close 0.067 0.005 
PA_Betwn 0.016 0.501 DA_Betwn -0.052 0.028 
PA_Eigen 0.018 0.460 DA_Eigen -0.020 0.406 
PAM_Degree 0.041 0.087 DAM_Degree 0.028 0.241 
PAM_Close 0.022 0.361 DAM_Close 0.092 0.000 
PAM_Between 0.031 0.197 DAM_Between -0.020 0.394 
PAM_Eigen 0.033 0.165 DAM_Eigen 0.032 0.178 

 
At first glance, the correlations for access are discouraging.  None of the publisher 

measures correlate with the dependent variable.  For developers, only closeness (r =.067) and 

betweenness (r =-.052) show a significant correlation with the dependent variable, and both are 

relatively weak correlations.  Interestingly, the developer moderated relationship between 

closeness and complexity (r =.092) is positively correlated with the DV and has a stronger 

correlation than the base closeness-DV correlation.  This provides at least some support for H1, 

and further suggests that only the closeness/betweeness measures are necessary in hypothesis 

testing. 
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Constraint Correlations 

This examination is the various constraint measures and the dependent variable score, 

which represent the measures necessary to test Hypothesis two.  H2 expects a relationship 

moderated by relative complexity such that the function of constraint at low complexity is 

positive, while the function becomes negative in high complexity settings.  A comparison of the 

constraint measures for the full analysis set appears in Table 4.29.  For both publishers and 

developers, the only measure commonly reaching significance is Burt’s Hierarchy measure.  For 

publishers, the correlation is positive (r =.103, p<.001) and for developers both the direct (r 

=.102, p<.001) and moderated measure for hierarchy (r =.107, p<.001) are significant.  Hierarchy 

controls overall constraint for the impact of a single, highly-interconnected other.  From this, 

after controlling for the presence of a prominent alter, the remaining constraint of both the 

publisher and developers ego network are positively related to the score of the released product.  

In the case of developers this positive relationship is further enhanced in the presence of high 

complexity.  For developers, the correlations are more promising and also more problematic.  

Only two of the developer constraint measures fail to reach significant correlations with score, 

Density (r =-.043) and the moderated measure of density (r =.013).   

Table 4.29 – Constraint and Score Correlations 

Publisher 
Measures 

Correlation p-value Developer 
Measures 

Correlation p-value 

PC_Dens -0.016 0.510 DC_Dens -0.043 0.072 
PC_Eff -0.015 0.530 DC_Eff 0.059 0.013 
PC_Constraint 0.013 0.572 DC_Constr 0.106 0.000 
PC_Hierarchy 0.103 0.000 DC_Hierarc 0.102 0.000 
PCM_Dens 0.002 0.933 DCM_Dens 0.013 0.581 
PCM_Eff -0.009 0.720 DCM_Eff 0.087 0.000 
PCM_Constraint 0.010 0.662 DCM_Constraint 0.111 0.000 
PCM_Hierarchy 0.046 0.053 DCM_Hierarchy 0.107 0.000 
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Firm Depth Correlations 

Measures described in this section examine the correlation between a firm’s depth of 

experience in a given category and the correlation of that depth of experience with the reviewer 

score of the title.  These measures reflect correlations for H3.  Correlations are reported in Table 

4.30.  Individually, most of the publisher depth measures exhibit correlation to the dependent 

variable.  The lone exception is with PD_Netwrk (r =.0314, p=.188).  A number of the 

correlations are fairly weak, although all correlations are significant at the .01 level and most are 

significant at the .001 level.  In terms of publisher depth, most (except for the previously noted 

PD_Netwrk) have a significant correlation to the DV.  PD_Genre (r =122), PD_Play (r =.09) and 

PD_Brand (r =.136) have the strongest correlations to the DV.  Four of the seven developer 

measures are significantly correlated with the dependent variable, score.  Platform (r =.0945), 

Genre (r =.0994), Playstyle (r =.0968) and branded (r =.1096) are each significantly correlated 

with the dependent variable.   

Table 4.30 – Depth and Score Correlations 

Publisher Correlation p-value Developer Correlation p-value 
PD_Plat 0.0772 0.0012 DD_Plat 0.0945 0.0001 
PD_Genre 0.1221 0.0000 DD_Genre 0.0994 0.0000 
PD_Play 0.0903 0.0001 DD_Play 0.0968 0.0000 
PD_Brand 0.1361 0.0000 DD_Brand 0.1096 0.0000 
PD_3P 0.0627 0.0084 DD_3P 0.0792 0.0009 
PD_Netwrk 0.0314 0.1880 DD_Netwrk 0.0844 0.0004 
PD_ESRB 0.0865 0.0003 DD_ESRB 0.0819 0.0006 

 
 
Firm Breadth Correlations 

Where depth measures indicate how much experience have in a given, relevant category 

for the product they are creating, breadth provides an indication of what kind of experience the 

firm has.  Firms with high breadth levels generalize their experiences across multiple levels of a 

category while firms with low breadth levels specialize their experiences into fewer levels of a 
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category.  Correlations are reported in Table 4.31.  For publishers, most of the direct correlations 

to score are significant and negatively correlated.  Genre (r =-.056), Playstyle (r =-.1), Branded (r 

=-.068), 3rd Party (r =-.115) and network (r =-.048) are all significant; the general sign suggests 

that publishers are best served specializing rather than generalizing.  For the moderated values 

for publishers, the findings are less substantial.  Only the moderator for third party indicator 

achieves significance with score (r =-.047).   

Table 4.31 – Publisher Breadth and Score Correlations 

Direct 
Measures 

Correlation p-value Moderated Measures Correlation p-value 

PB_Plat 0.010 0.669 PBM_Plat 0.016 0.496 
PB_Genre -0.056 0.018 PBM_Genre -0.019 0.432 
PB_Play -0.100 0.000 PBM_Play -0.034 0.157 
PB_Brand -0.068 0.004 PBM_Brand -0.034 0.153 
PB_3P -0.115 0.000 PBM_3P -0.047 0.050 
PB_Netwrk -0.048 0.044 PBM_Net -0.016 0.506 
PB_ESRB 0.002 0.927 PBM_ESRB 0.013 0.576 

 
For the direct measures of developer breadth, only two are significantly correlated with 

the dependent variable (see Table 4.32).  Playstle breadth (r =-.052) is negatively correlated 

while third party experience (r =.059) is positively correlated.  Moderated values for developer 

breadth provide some tentative support for H4.  Four of the moderated predictors are 

significantly related to the dependent variable.  These include platform (r =.089), playstyle (r 

=.061), network (r =.1) and ESRB (r =.068).   

Table 4.32 – Developer Breadth and Score Correlations 

Direct 
Measures 

Correlation p-value Moderated Measures Correlation p-value 

DB_Plat 0.042 0.074 DBM_Plat 0.089 0.000 
DB_Genre -0.001 0.980 DBM_Genre 0.054 0.023 
DB_Play -0.017 0.480 DBM_Play 0.061 0.010 
DB_Brand -0.052 0.029 DBM_Brand 0.039 0.099 
DB_3P -0.012 0.615 DBM_3P 0.039 0.104 
DB_Netwrk 0.059 0.014 DBM_Net 0.100 0.000 
DB_ESRB 0.011 0.642 DBM_ESRB 0.068 0.004 
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Breadth-Depth Correlations 

This analysis focuses on the breadth*depth interaction projected as Hypothesis 5.  Here 

the expectation is that breadth*depth (BD) has a different relationship with success at different 

levels of relative complexity.  Specifically, at high levels of relative complexity, BD is expected 

to have a positive correlation as generalists should outperform specialists.  At low levels of 

relative complexity though, a curvilinear function is expected wherein learning companies 

outperform specialists and ultimately learning companies (those who generally specialize, but 

have some breadth) outperform generalists.   

 Hypothesis 5A investigates the relationship between BD and the dependent variable 

score at low levels of complexity.  The expectation at this level is that a curvilinear function will 

emerge.  In general this requires a significant first-order and second order function with the 

magnitude and directions of the two effects determining whether the overall relationship is 

positive-decaying or inverted-U.  For publishers working at low complexity, several significant 

first and second order measures are significantly correlated with the dependent variable.  

Correlations are reported in Table 4.33.  There is a positive first and second order correlation for 

platforms and score (r = .06 and r = .055), suggesting an accelerating positive function where 

generalists substantially outperform specialists.  In terms of third-party experience though, there 

is a negative first and second order function (r = -.067 and r = -.087) suggesting specialists 

outperforming and generalists underperforming in this area.   A negative second order effect 

emerges for network experience, although the first order effect is insignificant. 
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Table 4.33 – Publisher Breadth-Depth and Score Correlations in Low Complexity 

 Direct 
Measures 

Correlation p-value Second-order 
Effects 

Correlation p-value 

PDB_Plat 0.060 0.032 PDB2_Plat 0.055 0.048 
PDB_Genre 0.011 0.706 PDB2_Genre -0.019 0.490 
PDB_Play -0.010 0.718 PDB2_Play -0.023 0.417 
PDB_Brand 0.049 0.079 PDB2_Brand 0.037 0.189 
PDB_3P -0.067 0.016 PDB2_3P -0.087 0.002 
PDB_Network -0.022 0.436 PDB2_Network -0.066 0.018 
PDB_ESRB 0.048 0.087 PDB2_ESRB 0.020 0.478 

 
For developers, working on low complexity projects, nearly all benefits appear to 

accumulate for the generalist.  Correlations are reported in Table 4.34.  There is a positive first 

and second order correlation between score and platform (r =.061 and r =.07), genre (r =.086 and 

r =.071) and network (r =.057 and r =.07) experience.   Positive second order effects also 

manifest for branded (r =.056) and third party experience (r =.055).  Negative second order 

correlations do not manifest at all in this sample suggesting that, for developers, specialization 

and experience (breadth and depth) have an accelerating (not decaying) relationship.   

Table 4.34 – Developer Breadth-Depth and Score Correlations in Low Complexity 

 Direct 
Measures 

Correlation 
 

p-value Second-order 
Effects 

Correlation 
 

p-value 

DDB_Plat 0.061 0.027 DDB2_Plat 0.070 0.012 
DDB_Genre 0.086 0.002 DDB2_Genre 0.071 0.011 
DDB_Play 0.023 0.418 DDB2_Play 0.052 0.063 
DDB_Brand 0.042 0.133 DDB2_Brand 0.056 0.043 
DDB_3P 0.034 0.216 DDB2_3P 0.055 0.047 
DDB_Network 0.057 0.040 DDB2_Network 0.070 0.012 
DDB_ESRB 0.052 0.061 DDB2_ESRB 0.058 0.038 

 
At high levels of complexity, the expectation of H5B is a positive linear relationship 

between BD and score.  Correlations are reported in Table 4.35.  For publishers working at high 

complexity none of the breadth-depth interaction measures are significantly correlated with the 

dependent variable, score.  For developers operating at high complexity, only platform offers any 

support for this contention (r =.15).    
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Table 4.35 – Breadth-Depth and Score Correlations in Low Complexity 

 Publisher 
Measures 

Correlation 
 

p-value Developer 
Measures 

Correlation 
 

p-value 

PDB_Plat 0.066 0.155 DDB_Plat 0.150 0.001 
PDB_Genre 0.070 0.128 DDB_Genre 0.017 0.714 
PDB_Play 0.027 0.562 DDB_Play 0.030 0.516 
PDB_Brand 0.011 0.805 DDB_Brand -0.058 0.210 
PDB_3P -0.013 0.779 DDB_3P -0.080 0.084 
PDB_Network 0.012 0.788 DDB_Network 0.075 0.103 
PDB_ESRB -0.023 0.618 DDB_ESRB -0.053 0.254 

 

Relational Capital Correlations 

This correlation analysis examines relations between the relational capital measures of 

breadth and depth and the dependent variable score.  Relational Breadth represents the test of 

Hypothesis 7, while relational depth represents the test of Hypothesis 6.  Correlations are 

reported in Table 4.36.  It bears repeating that relational capital measures are dyadic.  They 

represent the shared experience between the exact publisher-developer combination involved in a 

specific project. 

 H6 expects a positive direct relationship between relational depth and success with a 

moderated, negative relationship wherein the value of relational depth decreases as relative 

complexity increases.  The direct correlation supports H6 (r =.106), but the moderator is the 

opposite of what is expected under H6a (r =.123).  Depth of experience between a publisher and 

developer is both positive generally and increasingly so as complexity increases. 

 For relational breadth, the expectation is that the value of relational breadth changes in 

high and low complexity relationships.  Relational breadth manifests a negative direct 

relationship (r =-.083), the moderator is also negative (r =-.065) and the second order effect is 

also negative (r =-.078).  This suggests that increased breadth (or decreased overlap) hinders 

performance capabilities of partners.  Further, as complexity increases, lack of overlap further 

hinders collaborative outputs.  This seems somewhat contrary to H7A which anticipates a 
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beneficial relationship between relational breadth and success at low levels of complexity.  

However, these direct correlations are in line with H7B which expects a negative relationship 

between relational breadth and product success as complexity reaches high levels. 

Table 4.36 – Relational Capital and Score Correlations 

 Relational Measure Correlation p-value 
RC_Breadth -0.083 0.001 
RC_Depth 0.106 0.000 
RCM_Depth 0.123 0.000 
RCM_Breadth -0.065 0.006 
RC2_Breadth -.078 .001 

 
Subsequent examination of relational capital breadth at the split high/low complexity 

levels does not alter the relationship manifest here.  The full details of the subset analysis appears 

in the appendix, however a few observations are reported here to illustrate.  First, at high levels 

of complexity, the correlation between relational breadth and score is negative (r =-.049, 

p=.292), albeit not reaching significance.  At low levels of complexity (where the preponderance 

of cases lie), the relationship is also negative and remains significant (r =-.057, p=.04).  The 

suggestion here is that, at least with this sample and setting, increases in relational breadth 

undermines collaborative capabilities. 

 

Correlation Summaries 

Many of the correlations in the preceding analysis are significant and the correlation is in 

line with the prediction of the related hypothesis.  Table 4.37 summarizes these correlation 

findings by hypotheses for the firm specific hypotheses (H1-H5) while Table 4.38 summarizes 

correlations for the dyadic measures (H6 and H7).  The abundance of correlations in line with 

predictions lends some support for the expected relationships however too much cannot be 

drawn from these findings.  First, a bivariate correlation is not itself a rigorous test of the two 

measures.  Other factors, not controlled in such correlations may in fact explain the majority of 
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the correlation leaving the actual relationship between the correlated variables as little more than 

spurious.  Second, the correlations present are quite low with significant correlations ranging 

from the .05 to .13 range.  The significance identified may be nothing more than an artifact of 

sample size. 

Table 4.37 – Firm Specific Attributes and Score Correlations 

Significant Correlations by Construct 
Firm Specific Measures 

Construct Publisher Developer 
Access (H1) None Closeness + 

Closeness Moderated + 
Betweenness + 

Constraint (H2) Hierarchy + Hierarchy + 
Hierarchy Moderated + 
Efficiency + 
Efficiency Moderated + 
Constraint + 
Constraint Moderated + 

Depth (H3) Platform + 
Genre + 
Playstyle + 
Branded + 
ESRB + 

Platform + 
Genre + 
Playstyle + 
Branded + 
Third Party + 
Network + 
ESRB + 

Breadth (H4) Genre – 
Playstyle – 
Branded – 
Third Party – 
Third Party Moderated – 
Network – 

Branded – 
Network + 
Playstyle Moderated + 
Platform Moderated + 
Network Moderated + 
ESRB Moderated + 

Breadth-Depth (H5) 
Low Complexity 

Platform + 
Platform Squared + 
Third Party –  
Third Party Squared – 
Network Squared – 

Platform + 
Platform Squared + 
Genre + 
Genre Squared + 
Branded Squared + 
Third Party Squared + 
Network + 
Network Squared + 
ESRB Squared + 

Breadth-Depth (H5) 
High Complexity 

None Platform + 
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Table 4.38 – Relational Capital Attributes and Score Correlations 

Significant Correlations by Construct 
Dyadic Measures 

Construct 
Relational Breadth – 
Relational Breadth Moderated – 
Relational Breadth Squared – 
Relational Depth + 
Relational Depth Moderated + 

 
 
 

Section 4 – Modeling Techniques 

Maximum likelihood estimation (MLE) regression was used to test these hypotheses.  

MLE was selected because it is more robust to departures from normality than ordinary least 

squares estimation (Cohen, Cohen, West, & Aiken, 2003), because other researchers working 

with similar data have used similar designs (Davis et al., 1997; Rindova et al., 2005), and 

because recent examination of parameter differences between MLE and non-parametric network 

estimation techniques indicates MLE produces fairly comparable parameters (Contractor et al., 

2006).   

A multi-step procedure was utilized to test each hypothesis.  Using AMOS, each 

hypothesized model was fully designed.  In Stage 1, all predictors except the control measures 

were constrained to zero.  During Stage 2, all direct predictors were freely estimated while 

moderators or second-order effects (if any) remained constrained at zero.  In stage three, all 

moderating terms or second-order effects were freely estimated.  Following stage-three, models 

were fine-tuned by reverse stepwise removal of predictor measures.  Measures were ‘removed’ 

by returning their estimation constraints to zero.  Fine-tuning continued until either (a) the model 

returned to the control only step or (b) the best fitting model was identified. 
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Equation 4.1 – MLE Model Stage 1 

 
Y = Score 

X1i=Controls 
X2i = Direct Predictors 

X3i = Interaction Terms or Second Order Effects 
 

MLE provides an estimate for the squared multiple correlation, but does not produce an 

F-statistic as found in OLS regression.  As such, change in R2 is not the optimal method for fine 

tuning, or testing iterative MLE models.  Rather, the appropriate criterion are use of indicators 

such as Akaike’s criterion (AIC) (Akaike, 1987) or the Browne-Cudeck criterion (BCC) 

(Browne & Cudeck, 1993).  Each of these fit indices is optimized when the absolute value for the 

criterion reaches the point closest to zero.  By constraining estimators to zero, then gradually 

removing constraints, models could be estimated for their AIC and BCC fit relative to the control 

only model (Byrne, 2001). 

Equation 4.2 – MLE Model Stage 2 

 
Y = Score 

X1i=Controls 
X2i = Direct Predictors 

X3i = Interaction Terms or Second Order Effects 
 
Models for H5A and H7 call for curvilinear effects.  These effects were estimated 

through the creation of a squared term for their base predictor.  The second-order effect was 

added in stage-three of the analysis model. 

Models for H1, H2, H4 and H6 call for examination of a moderating effect.  These effects 

were analyzed using two approaches.  The first approach was the inclusion of a mean-centered 

interaction effect.  When this approach is used, the interaction term is placed in the primary level 

hypothesis model and is treated similarly to the second-order effects described above.  Its 
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coefficient value is constrained to zero during control estimation (Stage 1).  The interaction term 

coefficient is not freely estimated until stage three 

Equation 4.3 – MLE Model Stage 3 

 
Y = Score 

X1i=Controls 
X2i = Direct Predictors 

X3i = Interaction Terms or Second Order Effects 
 

The second approach used to investigate moderating effects involved estimation using 

one of the two subsets of data.  These subsets are cluster-analysis predicted data sets representing 

titles released in high complexity and low complexity settings respectively.  Analysis conducted 

in this format proceeds using the Stage 1 and Stage 2 model estimation approach.  In Stage 1, 

control measures are freely estimated, while predictor values are constrained to a zero 

coefficient.  In Stage 2, all measures are freely estimated.  Subset analysis is detailed in chapter 4 

for H5 and H7, each of which call for complex relational differences at high and low levels of 

complexity.  Subset analysis of H2 and H4, which call for a more traditional moderating 

relationship, are provided in the appendix.   

Fine-tuning follows Stage 2, with a reverse selection item renewal process described 

earlier.  The final retained model is the model providing the best fit of the data as determined by 

AIC and BCC.  As with all estimated models, pseudo-R2 and standardized coefficients are 

provided for final models.  The purpose of this reverse selection process is to optimize the 

model.  While MLE does not provide the statistics commonly used for reverse selection, or 

stepwise procedures (Hair, Anderson, Tatham, & Black, 1998), the procedures for each transfer 

over quite well to MLE regression.  In fact, the selection criterion indicators created by Akaike 

and Browne-Cudeck are specifically developed for model optimization efforts. 
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It is important to recognize that the pseudo-R2 statistic as reported in an MLE regression 

does not function identically to the R2 statistic in OLS regression.  In OLS, R2 details the 

percentage of the variance of the dependent variable explained by the predictors in the model, 

while in MLE pseudo-R2 details the percentage of the variance in the dependent variable 

explained by the model.  In an MLE regression, this includes estimation of covariances between 

the predictors, which is one of the reasons MLE techniques are more robust to multicollinearity.  

Thus, when iterative model shift between freely estimating coeffecients of predictors or 

alternately constraining such predictors to zero, pseudo-R2 may change in rather profound 

manners.  Where in an OLS regression, adding a predictor always increases R2, releasing the 

zero-constraint on a predictor in an MLE model can actually decrease pseudo-R2.  The result 

occurs because variance previously captured in predictor covariance estimates when the now 

unconstrained coefficient was zero shifts to the coefficient.  If this worsens the model fit, 

pseudo-R2 can drop despite ‘an additional predictor’ being present.  In actuality, the predictor 

was present in the previous ‘better fitting’ model, but was held as a zero value and only impacted 

covariance with other predictors.  This complication with the pseudo-R2 statistic in MLE models 

further increases the necessity for reliance on the Akaike and Brown-Cudeck criterions. 

Given the large number of predictors, a model refinement technique is desirable in order 

to optimize the power of the testing model and improve interpretability of the coefficients’.  

While I have chosen a reverse selection procedure guided by AIC and BCC, alternatives also 

exist.  Specifically, I could have utilized either a correlation analysis determined approach 

wherein only the strongest correlating measures were used. This approach was rejected as less 

rigorous than the reverse selection process.  A correlation analysis guided item entry process is 

overly arbitrary and leaves too much decision-making at the discretion of the research.  By 

comparison, a reverse selection procedure is a well documented technique with long-established 
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rules for the OLS estimation processes.  Taken to the MLE format, reverse selection is arguably 

stronger as two evaluator criteria are available, each specifically designed for model 

optimization. 

A second alternative would have involved use of scales for each of the constructs.  As 

indicated earlier, a discussion of the scale development exploration appears in the appendix.  

While scales manifest with appropriate psychometric properties for some constructs, the creation 

of scales reduced the overall correlation to the dependent variable and ultimately the predictive 

potential of the scales.  An examination of the preceding correlation analysis will aid in 

clarifying this conundrum.  For most constructs, only a few indicators are significantly related to 

the dependent variable.  Further, some of the significant indicators are positively correlated while 

others are negatively correlated.  Aggregating such indicators ultimately serves only to dampen 

the impact of the individual measures and thus, reduces interpretability of the results.  Given the 

limitations of these two alternatives and the rigor imposed using established processes and well 

recognized optimization criteria, the reverse selection procedure was deemed the most 

appropriate model optimization technique. 

 

Section 5 – Model Testing 

This section includes all models used to test the various hypotheses in this study.  The 

first model described involves the steps taken to optimize the controls used in this study.  

Following that, each hypothesis analysis is presented separately.  The analysis includes models at 

the full analysis set as well as high and low complexity subset analysis for H5 and H7, which call 

for curvilinear relationships in specific subsets.  Details of the subset analysis for H2 and H4 are 

included in the appendix. 
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The analysis presented in this chapter evaluated publishers separately from developers.  

One possible alternative approach would entail placing publisher and developer measures 

simultaneously into the firm-specific hypotheses tests.  For example, when investigating 

structural access (H1), the four publisher access measures and corresponding four developer 

measures could be jointly entered.  This approach was undertaken and used for all firm specific 

hypotheses (H1-H5).  Ultimately, this direction was discarded in favor of the one-target analysis 

presented in this chapter.  There are several problems created in a joint estimation which 

presented a non-trivial threat to the findings in this study.   

First, the publisher and developer do different things in the design process.  Publishers 

provide operating capital, market and distribute the product, and ultimately manage the 

progression of product development.  Developers write the software code and test the product 

under development.  To draw an analogy, publishers function in a managerial role while 

developers function in a technical role.  It is therefore probable that the specifics of which 

capability and capital measures matter differs by the partner’s role in the project. 

Second, jointly estimating for both partners would add anywhere from four to fourteen 

parameter estimates per hypothesized model.  As witnessed in Chapter 3, this dissertation is at 

the threshold for power levels to detect small effect sizes given the sample size and control 

measures.  The additional parameters, in virtually all scenarios, would destroy the dissertations 

ability to detect small effect sizes.  Given that most of the observed effects are small, this would 

render a number of otherwise significant results insignificant.   

Third, internal correlation problems already abound in this study.  For most constructs, 

the various measures of the construct have high internal correlations to other similar measures 

for the target (publisher or developer).  Atop this, cross-target correlations were also fairly 
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strong.  Including both sets of similar predictors for both actors would, in many cases simply add 

extraneous suppressing effects further diluting the study. 

Fourth, while certain measures are firm specific, they are jointly determined.  This is 

particularly true of structural capital measures (access and constraint).  As indicated in several 

proceeding sections, joint determination means the value for one publisher (or developer) are in 

part determined by the values of an adjacent developer (or publisher).  This problem is one of the 

reasons micro (individual and group level) studies of this nature typically use network analytic 

techniques.  While the macro (organizational and industry) level studies currently utilize MLE, 

GLS, and even in some cases OLS regression models, unnecessarily increasing the confounds of 

joint determination seemed an unnecessary burden to the study. 

Fifth, the hypotheses of reference (H1-H5) are worded at the firm level, not the partner 

level.  Nothing in these hypotheses requires estimation of both partners simultaneously.  Unless 

such a joint estimation process provided a substantial benefit overriding all of the negatives 

outlined above, progressing along a joint evaluation path would seem unwise. 

It bears mention that several of the hypothesized relationships do, in fact, hold together in 

jointly estimated models.  In particular, the firm breadth and depth relationships remain largely 

unchanged whether analysis proceeds with a single firm or both partners present.  The findings 

that would be substantially altered are the structural capital hypotheses (H1 and H2) which 

ultimately would be the most problematic in a non-network analysis approach. 

 

Control Model 

During pre-study, preliminary and correlation analysis, eighteen measures were 

determined to potentially represent necessary controls.  Several of these measures emerged in the 

analysis of variance diagnostics reported in the appendix.  A depiction of these eighteen possible 
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control measures is included in Table 4.39.  Given the need to balance the number of measures in 

the MLE regression model for both parsimony and explicability, a stepwise regression approach 

will be utilized to arrive at the optimal mix of control measures for hypothesis testing.  The 

reverse stepwise procedure was decided upon in order to manage internal correlation.  MLE 

regression is robust to internal correlation problems, nonetheless it is possible that extreme 

correlation between a pair (or more) of controls may obfuscate the value of certain measures. 

Table 4.39 – Potential Control Measures 

Measure Meaning 
Playstyle Single player (0) or multiplayer (1) 
ThirdParty Internal intellectual property license (0) or externally licensed IP (1) 
Branded First (or only) title in an IP series (0) or sequel/extension to an existing IP (1) 
Networked Title runs on a single hardware unit (0) or title can be concurrently played across 

multiple hardware units (1). 
Genre_High Music and RPG genres (1) 
ESRB_High Teen and Mature (1) 
Plat_Low Wii, GBA and Dual Screen (1) 
Plat_High PSP, X360 and PS3 (1) 
CN_Disrupt Title released in first ninety days of a hardware platform's launch (1) 
PubNew First data set appearance for the publisher (1) 
SameEnt Same entity for publisher and developer 
DevNew First data set appearance for the developer(1) 
CN_Capcom Publisher is Capcom (1) 
CN_EA Publisher is Electronic Arts (1) 
CN_EAS Publisher is EA Sports (1) 
CN_Mid Publisher is Midway (1) 
CN_Nintendo Publisher is Nintendo (1) 
CN_Sony Publisher is Sony (1) 
  

The decision process for inclusion in the eventual model requires parameter significance 

correcting for the number of simultaneous tests in place.  With approximately twenty predictors, 

the bonforoni corrected alpha is .025.  Further, removal of a given predictor should not overly 

reduce R2 and the general model effeciency as determined by Akaike's (AIC) criterion and the 

Brown-Cudeck criterion (BCC) should suggest an increasingly improved model.  It is important 

to recognize that the .025 threshold simply makes a parameter a candidate for removal, 
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ultimately removal is determined by appropriateness of model fit as determined by AIC and 

BCC.   

Ten iterations occurred in the reverse stepwise process.  These steps are recorded in 

Table 4.40.  The optimal model manifest in iteration eight of the control process.  The final 

model allows reduction of four extraneous control measures, those for new publishers, same 

entity, the high-scoring platforms and the high-scoring ESRB ratings.  The final control model 

had a change in pseudo-R2 of .003 and evidenced the best fit under AIC and BCC. 

Table 4.40 – Control Model Iterations 

Iteration p-R2 AIC BCC Description 
1 0.191 418 422.796 Full Model 
2 0.191 416.151 420.924 Removal of Pub_New 
3 0.191 416.17 420.943 Swap of Pub_New and SameEnt 
4 0.191 414.284 419.036 Removal of Pub_New and SameEnt 
5 0.19 415.666 420.417 Swap of Same_Ent and Plat_High 
6 0.19 413.83 418.557 Removal of Pub_New, SameEnt and Plat_High 
7 0.19 412.946 417.674 Swap of ESRB_High and Plat_High 
8 0.19 412.328 417.032 Removal of Pub_New, SameEnt, Plat_High, and 

ESRB_High 
9 0.188 415.972 420.677 Swap of CN_Capcom and ESRB_High 

10 0.188 414.67 419.352 Removal of Pub_New, SameEnt, Plat_High, 
ESRB_High, and CN_Capcom 

 
It is interesting to note that of the four controls removed from consideration, two were 

controls suggested in pre-study stages (Pub_New and SameEnt) while two emerged as control 

candidates during preliminary analysis (ESRB_High and Plat_High). 

 Of the controls remaining, six represent controls for specific large publishers (Nintendo, 

EA Sports, Sony, Electronic Arts, Capcom and Midway).  Five are specific controls for the type 

of title (Networked, Branded, Genre_High, CN_Disrupt, Playstyle, and ThirdParty).  Two 

represent characteristics of the platform the title was released on (CN_Disrupt and Plat_Low).  

One control relates specifically to the developer (DevNew).  These measures combined explain 

roughly 19% of the variance in score.   
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 These remaining fourteen controls represent a relatively balanced control model.  

Standardized coefficients are reported in Table 4.41.  They provide both a representation of 

systemic variance in the data set while being held to a reasonably parsimonious list.  As such, 

they represent the control measures forming the initial steps of hypothesis testing.  For all 

subsequent hypothesis testing, these fourteen measures represent the Stage 1 model and provide 

the baseline for comparisons of later stage models. 

Table 4.41 – Standardized Coefficients, Control Model 

  Std. Est. p-value 
CN_Nintendo 0.166 <.001 
Networked 0.165 <.001 
Branded 0.153 <.001 
Genre_High 0.117 <.001 
CN_EAS 0.094 <.001 
CN_Sony 0.074 <.001 
CN_EA 0.055 .011 
CN_Disrupt 0.051 .02 
CN_Capcom 0.045 .037 
CN_Mid -0.048 .028 
DevNew -0.083 <.001 
Playstyle -0.085 .004 
ThirdParty -0.113 <.001 
Plat_Low -0.199 <.001 
ESRB_High 0.000  
Plat_High 0.000  
PubNew 0.000  
SameEnt 0.000  

 
 
 

Hypothesis 1 – Firm Structural Access 

Hypothesis 1 predicts a positive relationship between measures of access and the 

dependent variable score.  Four measures of access are used - degree, betweeness, eigenvalue 

and closeness for both the publisher and developer. 

 For publishers, addition of the four predictor measures does not improve the model.  All 

hypothesized predictors fail to reach significance.  Model fit statistics are reported in Table 4.42.  
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Further, addition of the access measures worsens AIC (1048.23) and BCC (1067.271).  Reverse 

selection removal of weak parameters failed to identify an acceptable model other than that 

identified in Stage 1.  Standardized coefficients are reported in Table 4.43.  As such, H1 cannot 

be supported for publishers. 

Table 4.42 – Publisher Access Testing, Model Fit Statistics 

Model Predictors p-R2 AIC BCC 
Control 14 .188 1041.973 1061.014 
Full Model 18 .19 1048.23 1067.271 

 
Table 4.43 – Publisher Access Testing, Standardized Coefficients 

Predictor  Std. Est. p-value 
CN_Nintendo 0.166 <.001 
Networked 0.165 <.001 
Branded 0.153 <.001 
Genre_High 0.117 <.001 
CN_EAS 0.094 <.001 
CN_Sony 0.074 <.001 
CN_EA 0.055 .011 
CN_Disrupt 0.051 .02 
CN_Capcom 0.045 .037 
CN_Mid -0.048 .028 
DevNew -0.083 <.001 
Playstyle -0.085 .004 
ThirdParty -0.113 <.001 
Plat_Low -0.199 <.001 
PA_Degree 0.000 .839 
PA_Closeness 0.000 .414 
PA_Betweenness 0.000 .867 
PA_Eigenvalue 0.000 .652 

 
For developers, only the measure of closeness reaches significance.  AIC (1037.156) and 

BCC (1056.086) improve over the control only model and the addition of closeness improves 

pseudo-R2 (p-R2=.193, Δp-R2 = .005).  Model fit statistics are reported in Table 4.44. 
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Table 4.44 – Developer Access Testing, Model Fit Statistics 

Model Predictors p-R2 AIC BCC 
Control 14 .188 1041.973 1061.014 
Final 15 .193 1037.156 1056.086 

 

Standardized coefficients for developer access tests appear in Table 4.45.  Contrary to the 

direction suggested in H1, the coefficient for closeness is negative (β=-.2, p =.01).  There 

appears to be a significant relationship between the structural capital access measure and 

variance in score.  The negative coefficient suggests that the value of score decays as closeness 

increases.  While this is contrary to H1, H1 was framed from a search-quality orientation.  The 

data suggests that the actual relationship has more to do with incumbent inertia and newcomer 

innovativeness. 

Table 4.45 – Developer Access Testing, Standardized Coefficients 

  Std. est. p-value 
CN_Nintendo .1635038 <.001 
CN_EA .0534722 .014 
CN_EAS .0947117 <.001 
CN_Sony .0717189 <.001 
CN_Mid -.0436140 .044 
CN_Capcom .0501273 .022 
Genre_High .1153683 <.001 
ThirdParty -.1052788 <.001 
Branded .1527617 <.001 
Networked .1671211 <.001 
DevNew -.2727098 <.001 
Playstyle -.0849323 .004 
CN_Disrupt .0457456 .037 
Plat_Low -.1949756 <.001 
DA_Close -.1995228 .01 
DA_Betwn .0000000 .641 
DA_Eigen .0000000 .398 
DA_Degree .0000000 .898 
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Hypothesis 1A 

Hypothesis 1A anticipates a moderated relationship between access and score wherein 

the moderator relative complexity positively influences the relationship between IV and DV.  

Four measures of access are used - degree, betweeness, eigenvalue and closeness - for both the 

publisher and developer.  Further, a mean centered moderated interaction term for each measure 

provides the test for the moderated relationship. Inclusion of the interactive terms ultimately 

leads to an improvement for the publisher model with improvements for AIC (1043.592) and 

BCC (1054).  Publisher model fit statistics are reported in Table 4.46. 

Table 4.46 – Publisher Moderator Access Testing, Model Fit Statistics 

Model Predictors p-R2 AIC BCC 
Direct Measures 14 .188 1050.223 1069.412 
Final Model 18 .192 1043.592 1054.0 

 
Standardized coefficients are reported in Table 4.47.  Four predictors are necessary 

additions to the control-only model, only two of which PA_Degree (β=.106, p=.016) and 

PAM_Degree (β =-.092, p=.038) reach significance.  Two other predictors, PA_Close (β =-.093 

,p=.074) and PAM_Close (β =.094 ,p=.075) are retained in the model for fit purposes, but their 

parameters fail to reach significance.  This run for publishers demonstrates that, while a 

moderating effect exists for publishers, the relationship is opposite of that hypothesized.   

Table 4.47 – Publisher Moderator Access Testing, Standardized Coefficients 

  Std.est. p-value 
CN_Nintendo .1618068 <.001 
CN_EA .0568753 .009 
CN_EAS .1016574 <.001 
CN_Sony .0715488 .001 
CN_Mid -.0441389 .042 
CN_Capcom .0487102 .026 
Genre_High .1184025 <.001 
ThirdParty -.1144699 <.001 
Branded .1531769 <.001 

(table continues) 
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Table 4.47 (continued). 
  Std.est. p-value 
Networked .1675811 <.001 
DevNew -.0848355 <.001 
Playstyle -.0853461 .004 
CN_Disrupt .0478535 .03 
Plat_Low -.2010032 <.001 
PA_Degree .1057723 .016 
PA_Close -.0931456 .074 
PA_Betwn .0000000 .442 
PA_Eigen .0000000 .887 
PAM_Between .0000000 .319 
PAM_Eigen .0000000 .88 
PAM_Close .0940744 .075 
PAM_Degree -.0920166 .038 

 
An examination of the interaction effect of degree centrality and relative complexity 

appears in Figure 4.1.  In this interaction, the relative impact of degree centrality at low-

complexity is fairly negligible.  However, in high complexity settings increased degree centrality 

corresponds with dramatically lower product scores.  

Figure 4.1 – Publisher Degree Centrality and Complexity Interaction 

 
 

For developers, inclusion of the moderator terms substantially improves model fit (AIC = 

1034.543 and BCC = 1053.473).  Model fit statistics are reported in Table 4.48.  The moderated 

model, for developers, explains 19.4% of the variance in score (Δp-R2=.006).  The best 

developer only model for H1A includes only the moderated measure of closeness.  Standardized 

coefficients are reported in Table 4.49.  There is an interaction effect with closeness and relative 

complexity (β =-.695, p=.002).  But the effect is in the opposite direction of H1A.   Effectively 
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here, the indication is that closeness is an overall negative predictor of score decaying even more 

rapidly when the developer engages in complex projects.  At any rate, for developers, H1A 

cannot be supported. 

Table 4.48 – Developer Moderated Access, Model Fit Statistics 

Model Predictors p-R2 AIC BCC 
Direct Measures 14 .188 1050.223 1069.412 
Final Model 15 .194 1034.543 1053.473 

 
Table 4.49 – Developer Moderated Access, Standardized Coefficients 

  Std.est. p-value 
CN_Nintendo .1642607 <.001 
CN_EA .0537085 .014 
CN_EAS .0958703 <.001 
CN_Sony .0718529 <.001 
CN_Mid -.0421989 .051 
CN_Capcom .0495174 .022 
Genre_High .1175175 <.001 
ThirdParty -.1029243 <.001 
Branded .1573111 <.001 
Networked .1670076 <.001 
DevNew -.7716487 <.001 
Playstyle -.0846701 .004 
CN_Disrupt .0426087 .052 
Plat_Low -.1962403 <.001 
DAM_Degree .0000000 .199 
DAM_Between .0000000 .401 
DAM_Close -.6948922 .002 
DAM_Eigen .0000000 .715 
DA_Close .0000000 .373 
DA_Betwn .0000000 .414 
DA_Eigen .0000000 .919 
DA_Degree .0000000 .254 

  
 To further understand the interaction of closeness and relative complexity for 

moderators, an interaction plot appears in Figure 4.2.  Here we can see that an increase in 

closeness corresponds with a slight reduction of score in low complexity settings.  In high 

complexity settings though, an increase in access as measured by closeness corresponds with a 

substantially greater reduction in product score. 
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Figure 4.2 – Developer Closeness and Complexity Interaction 

 
 
 
 
Hypothesis 2 – Firm Structural Constraint 

The prediction of H2 involves a fully moderated relationship between structural 

constraint and score.  The moderator, relative complexity, is anticipated as necessary for the 

understanding of the relationship between constraint and score.  This effect is tested using 

moderator terms at the full analysis set.  A subset examination of H2A and H2B using the low 

and high-complexity subsets is reported in the appendix.  Four measures of constraint are used as 

potential predictors, ego network density, Burt’s efficiency measure, Burt’s constraint measure, 

and Burt’s hierarchy measure. 

For publishers, the addition of direct and moderated constraint measures provides no 

improvement to the base control model.  Model fit statistics are reported in Table 4.50.  AIC 

(1051.071) and BCC (1070.261) cannot be improved from their control baselines and none of the 

predictors reach significance.  During iterations of the model, moderators for constraint and 

hierarchy briefly achieve significance, but that relationship does not hold in the final iteration.  

At no time during model tuning does model fit approach the baseline values for AIC (1041.852) 

and BCC (1060.745).  The implication here is that, for publishers, H2 (and its subordinates) 

cannot be supported. 
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Table 4.50 – Publisher Constraint Testing, Model Fit Statistics 

Model Predictors p-R2 AIC BCC 
Control 14 .188 1041.973 1061.014 
Final 22 .197 1046.12 1065.38 

 
For developers, a very different picture emerges.  Model fit statistics appear in Table 

4.51.  Inclusion of the direct and moderated measures for constraint leads to an improvement in 

the baseline models for AIC (1037.968) and BCC (1056.935).  This suggests that explanatory 

power of score improves with the addition of some developer specific constraint measures.  

Standardized coefficients appear in Table 4.52.  Two constraint measures are retained in the final 

model for developers.  Ego network density (β =-.04, p = .065) fails to reach significance, but the 

moderated value for Burt’s constraint measure (β =.147, p=.028) does.  Examining the 

interaction effect for the moderated constraint term produces interesting insights.  The overall 

relationship between constraint and score is positive.   

Table 4.51 – Developer Constraint Testing, Model Fit Statistics 

Model Predictors p-R2 AIC BCC 
Control 14 .188 1041.973 1061.014 
Final 16 .193 1037.968 1056.935 

 

Table 4.52 – Developer Constraint Testing, Standardized Coefficients 

  Std.est. p-value 
Genre_High .1153580 <.001 
ThirdParty -.1071433 <.001 
Branded .1585799 <.001 
Networked .1665709 <.001 
DevNew .0518337 .449 
Playstyle -.0847009 .004 
CN_Disrupt .0465729 .033 
CN_Nintendo .1622266 <.001 
CN_EA .0558426 .01 
CN_EAS .0937058 <.001 
CN_Sony .0718273 <.001 

(table continues) 



   

235 

Table 4.52 (continued). 
 

   
CN_Mid -.0441369 .041 
CN_Capcom .0475232 .029 
Plat_Low -.1974864 <.001 
DC_Dens -.0403279 .065 
DCM_Constraint .1472031 .028 

  
This suggests that, in the sampled data set, developers are better suited operating in a 

relatively dense, interconnected network of publishers and developers.  The emerging suggestion 

here is that Coleman’s social capital argument, rather than Burt’s structural hole argument, is at 

play in this industry setting. 

An illustration of the interaction effect of developer constraint and relative complexity 

appears in Figure 4.3.  Here we find that at low complexity settings, an increase in developer 

constraint corresponds to a slight increase in product score.  Interestingly, and opposed to the 

prediction of H2B, in high complexity settings an increase in developer constraint corresponds to 

a fairly pronounced increase in product score. 

Figure 4.3 – Developer Constraint and Complexity Interaction 

 

In terms of the relationships hypothesized in H2, only one of the two moderated 

directions are supported.  H2A predicts that complexity positively moderates the relationship 

between constraint and score in low complexity settings.  Given that a direct predictor of 



   

236 

constraint failed to reach significance and that the direct only model provides a worse fit to the 

data (AIC = 1045.812, BCC = 1064.853), this interaction supports the prediction of H2A.   

H2B, conversely, predicts that the structural hole argument is at play in high complexity 

settings.  The expectation of H2B is that in high complexity settings, constrained firms 

underperform unconstrained firms.  This is not the case in the interaction plot for H2.  Rather, in 

high complexity settings, the positive role of constraint is even more pronounced than that 

observed in low-complexity settings.  While the interaction is significant, this is opposite of the 

prediction of H2B. 

 

Hypothesis 3 – Firm Depth of Experience 

H3 posits a direct, positive relationship between a firm’s depth of experience and the 

score the product receives from reviewers.  Seven indicators of depth of experience are estimated 

for each publisher and developer.  These indicators represent the 24-month cumulative 

experience the publisher (or developer) has working on projects with attributes similar to the 

evaluated project. 

For publishers, addition of the experience measures improves overall model fit (AIC = 

915.008 and BCC = 930.692).  Model fit statistics are reported in Table 4.53.  The inclusion of 

the experience predictors adds roughly .5% to the variance explained by controls. 

Table 4.53 – Publisher Depth Testing, Model Fit Statistics 

Model Predictors p-R2 AIC BCC 
Control 14 .19 921.067 936.647 
Final Model 17 .195 915.008 930.692 

 
Three of the predictors for publisher depth of experience reach significance.  Two are in 

the direction hypothesized for H3.   Standardized coefficients appear in Table 4.54.  Overall, the 
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results suggest that the publishers increased depth of experience with the genre and playstyle of 

the game each positively influence the ultimate score of the title. 

Table 4.54 – Publisher Depth Testing, Standardized Coefficients 

  Std.est. p-value 
CN_Nintendo .1658379 <.001 
CN_EA .0504754 .021 
CN_EAS .0100974 .78 
CN_Sony .0749181 <.001 
CN_Mid -.0467758 .03 
CN_Capcom .0454843 .037 
Genre_High .1194847 <.001 
ThirdParty -.1170264 <.001 
Branded .1474883 <.001 
Networked .1509962 <.001 
DevNew -.0783671 <.001 
Playstyle -.1051870 .001 
CN_Disrupt .0501536 .021 
Plat_Low -.2015364 <.001 
PD_ESRB .0000000 .787 
PD_Plat .0000000 .173 
PD_Genre .1145492 .007 
PD_Play .1145529 .042 
PD_Netwrk -.1356595 .015 
PD_3P .0000000 .152 
PD_Brand .0000000 .378 

 
For developers, addition of the experience measures do not improve model fit (AIC = 

929.697, BCC = 945.519).  Model fit statistics are reported in Table 4.55.  Inclusion of the 

experience measures increases variance explained by .2% (p-R2=.192).  None of the initial 

predictors reach significance, p-values range from .205 (network experience) to .87 (ESRB 

experience).  No iteration of the model is able to either improve on the control baseline, or 

identify a significant depth predictor.  For developers, no support is found for H3. 

Table 4.55 – Developer Depth Testing, Model Fit Statistics 

Model Predictors p-R2 AIC BCC 
Control 14 .19 921.067 936.647 
Final Model 21 .192 929.697 945.519 
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Hypothesis 4 – Breadth of Experience 

H4 posits that relative complexity moderates the relationship between the independent 

variable breadth of firm experience and the variance in the dependent variable score.  At 

subordinate levels, H4 progresses to suggest that at low levels of complexity, breadth is 

negatively related to score (H4B).  Conversely, at high levels of complexity breadth is positively 

related to score (H4A).  Firm breadth of experience is indicated by seven breadth measures each 

tied to one of the seven attributes tracked for product characteristics.  The specific breadth 

indicator is an entropy index, the interpretation of which notes larger values are common for 

firms who balance their activity across all levels of an attribute.  Opposingly, low values of 

breadth correspond to firms who specialize in one (or few) levels of an attribute.  The 

interpretation of H4A, therefore, is that generalists are anticipated as performing better in high 

complexity settings.  H4B, meanwhile, suggests that specialists perform better in low complexity 

settings.  This analysis is conducted at the full analysis level using both direct and interaction 

terms for the moderator.  Supplemental analysis at the subset level with direct breadth effects 

estimated in the low complexity or high complexity samples appears in the appendix. 

In the full analysis set, examination of publishers, inclusion of direct and interaction 

terms for breadth improves the model.  AIC (1971.136), BCC (2020.793) each improve from the 

baseline model, while addition of the predictor measures provides an additional 2.3% 

explanation of the variance in score.  Model fit statistics appear in Table 4.56. 

Table 4.56 – Publisher Breadth Testing, Model Fit Statistics 

Model Predictors p-R2 AIC BCC 
Control 14 .19 2005.25 2054.446 
Final Model 23 .213 1971.136 2020.793 

 
For publishers, breadth and the moderator relative complexity offer a useful explanation 

of the variance in score.  Standardized coefficients appear in Table 4.57.  In particular, two of the 
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three relationships, ESRB (β =.256, p<.001 direct and β =-.121, p = .029 moderated) and 

Playstyle (β =-.142, p=.015 direct and β =.151, p=.014 moderated) support the general 

contention of H4A.  In both cases, increased breadth has a positive influence on score in high 

complexity settings.  The opposing finding in network breadth (β =-.092, p=.038 moderated) is 

possibly a function of the overlap between playstyle and network.  While the correlation between 

PBM_network and score was negative (r =-.016), the correlation itself was not significant.  For 

high complexity, for publishers, breadth does appear to improve the quality of the title. 

An illustration of the interaction effect of publisher ESRB-breadth and relative 

complexity appears in Figure 4.4.  Here we see that in both high and low complexity situations, 

increased breadth in ESRB, achieved by producing games for multiple ESRB levels, corresponds 

with an increase in the score of the product.  Publishers specializing in a single ESRB level 

realize lower scoring titles at both the high and low complexity level. 

Figure 4.4 – Publisher ESRB Breadth and Complexity Interaction 

 
 

An illustration of the interaction of publisher playstyle breadth and relative complexity 

appears in Figure 4.5.  Here we find that increased publisher breadth, achieved by relative 

balancing single-player and multiplayer releases, correspond with higher scores.  While the 

positive relationship is present at both complexity levels, the high complexity relationship is 

more pronouncedly positive. 
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Figure 4.5 – Publisher Playstyle Breadth and Complexity Interaction 

 
 
An illustration of publisher network breadth and relative complexity appears in Figure 4.6.  Here 

we find that at both high and low complexity levels increased publisher breadth, achieved by 

balancing single-system and multi-system games, realizes lower product scores.  The negative 

relationship is more pronounced in high complexity settings though, potentially suggesting that 

specializing in publishing either single-system or multi-system games is better in more complex 

situations. 

Figure 4.6 – Publisher Network Breadth and Complexity Interaction 

 
 

In low complexity, there appears to be a positive role as well.  For ESRB, this manifests 

as an improvement even over the high complexity level.  In low complexity settings, publishers 

appear to benefit from increased breadth in ESRB and Playstyle experience.  These results are 
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not consistent with the prediction of H4B.  In both ESRB and playstyle, publisher-generalists 

outperform publisher specialists. 

Table 4.57 – Publisher Breadth Testing, Standardized Coefficients 

  Estimate p-values 
Genre_High .1099181 <.001 
ThirdParty -.1200862 <.001 
Branded .1540998 <.001 
Networked .1583443 <.001 
DevNew -.0908619 <.001 
Playstyle -.0802173 .007 
CN_Disrupt .0406724 .061 
CN_Nintendo .2030133 <.001 
CN_EA .0584212 .008 
CN_EAS -.0061093 .835 
CN_Sony .0960688 <.001 
CN_Mid -.0490740 .023 
CN_Capcom .0143545 .533 
Plat_Low -.1878855 <.001 
PB_Plat .0895916 .025 
PB_Genre -.1165707 .017 
PB_Play -.1421730 .015 
PB_Brand .0000000 .981 
PB_3P -.1720006 <.001 
PB_Netwrk .0000000 .225 
PB_ESRB .2562651 <.001 
PBM_Play .1505310 .014 
PBM_Plat .0000000 .908 
PBM_Genre .0000000 .374 
PBM_Brand .0000000 .631 
PBM_3P .0855769 .074 
PBM_Net -.0921626 .038 
PBM_ESRB -.1206387 .029 

 

For developers, inclusion of direct and moderated effects for breadth improves overall 

explanatory power of the model.  Model fit statistics are reported in Table 4.58.  AIC (2000.658) 

and BCC (2050.366) each improve from the control only model.  The inclusion of breadth 

effects increases variance explained by 1.1%. 
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Table 4.58 – Developer Breadth Testing, Model Fit Statistics 

Model Predictors p-R2 AIC BCC 
Control 14 .19 2005.25 2054.446 
Final Model 24 .201 2000.658 2050.366 

 

Examination of breadth and moderated breadth on score produces a number of significant 

results for developers.  Standardized coefficients appear in Table 4.59.  While measures for 

breadth experience with third parties (p=.093), network (p=.1) and branded (p=.136) are retained 

in the final model, none reach significance.  Nonetheless, removal of these predictors worsens 

overall model fit.  Four of the direct measures and three moderated measures, however, reach 

significance. 

Examination of the interaction figures below demonstrate that two of these relationships 

support the contention of H4B.  Figure 4.7 illustrates the platform breadth relationship (β =-.153, 

p=.013 direct and β =.205, p=.037 moderated) while Figure 4.8 illustrates the playstyle breadth 

relationship (β =-.183, p=.009 direct and β =.254, p=.012 moderated).  In both scenarios, 

increased breadth is important when complexity is high.   The lone exception appears in Figure 

4.9 where developer breadth for genre manifests a negative relationship (β =.182, p=.008 direct 

and β =-.3, p=.007).  In this case, increased breadth extracts a substantial cost when complexity 

is high.  H4B is, therefore, supported for developers. 

 Interestingly, at low complexity, the relationship of breadth does not seem to be a 

substantial predictor for any of the three measures.  Given that the prediction of H4B is actually 

negative, these results are not supportive of H4B. 
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Figure 4.7 – Developer Platform Breadth and Complexity Interaction 

 
 
Figure 4.8 – Developer Playstyle Breadth and Complexity Interaction 

 
 
Figure 4.9 – Developer Genre Breadth and Complexity Interaction 
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Table 4.59 – Developer Breadth Testing, Standardized Coefficients 

  Std.est. p-value 
Genre_High .1175152 <.001 
ThirdParty -.1120863 <.001 
Branded .1569765 <.001 
Networked .1539026 <.001 
DevNew -.0860707 .16 
Playstyle -.0860581 .004 
CN_Disrupt .0492572 .024 
CN_Nintendo .1625372 <.001 
CN_EA .0606655 .007 
CN_EAS .0986709 <.001 
CN_Sony .0721648 <.001 
CN_Mid -.0436744 .044 
CN_Capcom .0496252 .025 
Plat_Low -.1913093 <.001 
DB_ESRB .0000000 .75 
DB_Plat -.1531683 .014 
DBM_Plat .2052896 .037 
DBM_Genre -.3004986 .007 
DBM_Play .2539761 .012 
DBM_Brand .0000000 .51 
DBM_3P -.1402679 .093 
DBM_Net .0000000 .824 
DBM_ESRB .0000000 .878 
DB_Netwrk .0576371 .101 
DB_3P .1123613 .05 
DB_Brand -.0440608 .136 
DB_Play -.1827107 .009 
DB_Genre .1822119 .007 

 
 
 

Hypothesis 5 – Breadth-Depth Interaction 

Hypothesis 5 posits the existence of an interaction between firm breadth of experience 

and firm depth of experience.  The prediction is that relative complexity fully moderates this 

interactive relationships effect on score.  Further, at low levels of complexity (H5A), it is 

expected that a curvilinear relationship will manifest with the learning firm (high depth, high 

breadth) outperforming both the specialist (high depth, low breadth) and the generalist (low 

depth, high breadth).  At high levels of complexity, the generalist (low depth, high breadth) is 
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anticipated as outperforming the learning firm (high depth, high breadth) and the specialist (high 

depth, low breadth).  Because the general form of the complexity moderator is expected to 

change the interaction of breadth-depth’s effect on score, this analysis can only be conducted at 

the subset level. 

 

Hypothesis 5A – Low Complexity 

For publishers, managing projects in the low-complexity subset, inclusion of direct and 

squared terms improves overall model fit for AIC (53,628,650) and BCC (53,628,719).  Model 

fit statistics are reported in Table 4.60.  However, estimating parameters for first and second-

order effects actually worsens the variance explained in score.  Once again, the controls 

themselves provide a better explanation in the dependent variable.  H5A cannot be supported for 

publishers in the low complexity set. 

Table 4.60 – Publisher Breadth-Depth in Low Complexity, Model Fit Statistics 

Model Predictors p-R2 AIC BCC 
Control 14 .153 67,827,231 67,8272,99 
Squared Terms 26 .147 53,628,650 53,628,719 

 
For developers, working on projects in the low-complexity subset, inclusion of first and 

second order effects for the breadth-depth interaction improves model fit (AIC=52,988,959 and 

BCC = 52,989,029).  Model fits statistics are reported in Table 4.61.  Further, estimation of these 

parameters improves the variance explained in score by roughly 1.5%. 

Table 4.61 – Developer Breadth-Depth in Low Complexity, Model Fit Statitsics 

Model Predictors p-R2 AIC BCC 
Control 14 .153 67,827,231 67,827,299 
Squared Terms 27 .168 52,988,959 52,989,028 

 
None of the second-order effects reach significance, initially suggesting the curvilinear 

hypothesis is not supported.  Standardized coefficients appear in Table 4.62.  However, one first-
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order effect achieves significance, that for the interaction of breadth and depth in genre (β=.092, 

p.002).  An examination of the interaction plot for breadth and depth, given this standardized 

coefficient, suggests a relationship in line with that hypothesized in H5A.  Specifically, the 

highest value is produced by firms having high experience and high breadth (learning firms in 

the discussion of the H5A hypothesis).  Generalists achieve the next highest ranking (high 

breadth and high depth), while specialist firms (high depth, low breadth) receive the lowest 

scores in the plot. 

Specifically when considering the impact of breadth and depth of  genre experience in 

low complexity settings, the interaction of increased breadth and depth is important.  A high 

level of experience within the level of genre that the developer is developing the project is 

important, but an overall breadth in genre is also important.  For developers with a great deal of  

genre-specific experience, their ability to draw off experiences working in other genres improves 

the ultimate quality of the product.  H5A is, therefore, supported in the depiction of results if not 

directly by the presence of a second order effect. 

Figure 4.10 provides an illustration of the interaction of breadth and depth for developers 

operating in low complexity settings.  In these situations, firms with little relevant genre (e.g. 

sports, rpg’s, action, etc.) experience for the specific title benefit from increased breadth.  This 

suggests that the pure generalist (low depth, high breadth) outperforms the novice firm (low 

depth, low breadth).  For firms with high levels of relevant genre experience, increased breadth 

also corresponds to increased score.  This implies that the learning firm (high depth, high 

breadth) outperforms the specialist (high depth, low breadth).  As expected in the verbiage of 

H5A, the generalist (low-depth, high-breadth) ultimately outperforms the specialist.  When 

looking at breadth and depth collectively, breadth therefore appears pronouncedly important 

while depth’s value largely comes into play while breadth is also present. 
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Figure 4.10 – Developer Genre Breadth-Depth Interaction in Low Complexity 

 

Table 4.62 – Developer Breadth-Depth in Low Complexity, Standardized Coefficients 

  Std.est. p-value 
Genre_High .1409204 <.001 
ThirdParty -.0895151 .001 
Branded .1272598 <.001 
Networked .1555104 <.001 
DevNew .0000120 .999 
Playstyle -.0594886 .068 
CN_Disrupt .0581401 .028 
CN_Nintendo .1591554 <.001 
CN_EA .0530804 .054 
CN_EAS .0549755 .148 
CN_Sony .0723921 .006 
CN_Mid -.0584624 .025 
CN_Capcom .0671687 .011 
Plat_Low -.1716642 <.001 
DDB_Genre .0919944 .002 
DDB_Plat .0000000 .915 
DDB_ESRB -.0035414 .91 
DDB_3P .0037521 .904 
DDB_Network -.0210168 .51 
DDB_Play -.0551975 .117 
DDB_Brand -.0233282 .44 
DDB2_ESRB .0007454 .98 
DDB2_Genre -.0131777 .694 
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Table 4.62 (continued). 
 

  Std.est. p-value 
DDB2_Plat .0009866 .97 
DDB2_3P .0034736 .915 
DDB2_Brand .0059186 .831 
DDB2_Network -.0004458 .987 
DDB2_Play .0143676 .601 

 
 
 

Hypothesis 5B – High Complexity 

Hypothesis 5B expects a general positive relationship between the breadth-depth 

interaction effect and score at high levels of complexity.  Effectively, it is expected that the 

generalist (high breadth, low depth) will outperform the learning firm (high breadth, high depth) 

who will outperform the specialist (low breadth, high depth).  The hypothesis is phrased as 

expecting a positive moderator.  This subset analysis uses the high-complexity projects (n=469). 

For publishers, inclusion of the breadth-depth interaction terms improves model fit.  

Model fit statistics appear in Table 4.63.  AIC (33135) and BCC (33198) improve and variance 

explained increases by 1.3%.  However, none of the predictors reach significance in the first 

iteration or in model tuning attempts.  P-values for predictors range from a low of .528 (Genre) 

to a high of .841 (Network).  Essentially, estimation of publisher parameters improves model fit 

despite none of the predictors achieving significance.  For publishers, working in high 

complexity settings, H5B cannot be supported. 

Table 4.63 – Publisher Breadth-Depth in High Complexity, Model Fit Statistics 

Model Predictors p-R2 AIC BCC 
Control 14 .179 39164 39226 
Final Model 21 .192 33135 33198 

 
For developers working in high complexity settings, estimation of the breadth-depth 

interactions improves overall model fit.  Model fit statistics appear in Table 4.64.  AIC (38538)  
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and BCC (38601) improve from the baseline model.  Variance explained increases by 4%. 

Table 4.64 – Developer Breadth-Depth in High Complexity, Model Fit Statistics 

Model Predictors p-R2 AIC BCC 
Control 14 .179 39164 39226 
Final Model 20 .219 38538 38601 

 
Only one of the predictors reaches significance.  The removal of one predictor, 

DDB_Play (p=.794) improved model fit, but all remaining non-significant predictors were left in 

the model to optimize AIC and BCC.  Standardized coefficients appear in Table 4.65.  The 

predictor achieving significance was DDB_Platform, measuring a developers interaction 

between depth and breadth experience for platforms.  The sign of this predictor is in-line with 

predictions of H5B offering support for this hypothesis.  Interestingly, examination of the 

interaction plot in Figure 4.11 suggests that the benefits at high complexity once again favor the 

learning firm (having both high depth, high breadth), who outperforms the generalist (low depth, 

high breadth) who outperforms the specialist (high depth, low breadth).  Therefore, H5B is 

supported by the wording of the hypothesis if not entirely by the function of the argument 

supporting the hypothesis. 

Figure 4.11 – Developer Platform Breadth-Depth Interaction in High Complexity 
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Table 4.65 – Developer Breadth-Depth in High Complexity, Standardized Coefficients 

  Std. est. p-value 
Genre_High .0872461 .077 
ThirdParty -.1868312 <.001 
Branded .1425425 .004 
Networked .1441646 .025 
DevNew -.0419051 .414 
Playstyle -.1037520 .104 
CN_Disrupt .0596850 .212 
CN_Nintendo .2079085 <.001 
CN_EA .0657041 .249 
CN_EAS .0011334 .992 
CN_Sony .0888526 .056 
CN_Mid .0215723 .619 
CN_Capcom -.0171352 .687 
Plat_Low -.2546190 <.001 
DDB_Genre .0538276 .268 
DDB_Plat .1688427 .001 
DDB_ESRB .0121697 .779 
DDB_3P -.0819409 .262 
DDB_Network .0031620 .985 
DDB_Play .0000000 .794 
DDB_Brand -.0488905 .448 

 

 
Hypothesis 6 – Relational Capital Depth 

At this point, the analysis shifts from firm-specific predictors to dyadic predictors 

involving the joint history between the specific producer and developer involved in the software 

creation project.  Hypothesis 6 investigates the impact of relational capital depth on product 

success.  The expectation is that a positive general relationship will exist.  However, inclusion of 

the relational capital depth term decreased model fit (AIC 338.1 and BCC 340.48) while only 

adding .03% to the variance explained.  Model fit statistics appear in Table 4.66.  The predictor 

for relational capital depth failed to reach significance (p=.337).  Therefore H6 cannot be 

supported. 
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Table 4.66 – Relational Capital Depth Testing, Model Fit Statistics 

Model Predictors p-R2 AIC BCC 
Control 14 .1896 337.02 340.48 
Squared Terms 15 .1899 338.1 341.584 

 
 
 

Hypothesis 6A – Relational Capital Moderated 

Where H6 expects a positive relationship between relational capital depth and score, H6A 

expects that the benefits of relational capital depth decay as relative complexity increases.  

Examination of this hypothesis requires addition of a mean-centered interaction term to the H6 

model.  As discovered in H6, inclusion of the interaction effect worsened overall model fit (AIC 

= 340 and BCC =343.507).  Model fit statistics appear in Table 4.67.  The direct predictor for 

relational capital depth (p=.441) and the interaction term (p=.755) failed to reach significance.  

H6A cannot be supported. 

Table 4.67 – Relational Capital Depth Moderator Testing, Model Fit Statistics 

Model Predictors p-R2 AIC BCC 
Control 14 .1896 337.02 340.48 
Squared Terms 16 .1900 340 343.507 

 
 
 

Hypothesis 7 – Relational Capital Breadth 

H7 posits the relationship between relational capital breadth and score is moderated by 

relative complexity.  At the base level, this is expected to manifest as a curvilinear direct effect 

forming an inverted-U.  Inclusion of the first and second order effects for relational breadth 

improves AIC (377.1) and BCC (380.2).  Model fit statistics appear in Table 4.68.  Variance 

explained increases by .27%  The second-order effect is positive, but fails to reach significance 

(p=.071) while the first order effect is significant and negative (p=.04).  Standardized 
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coefficients appear in Table 4.69.  A curved function is likely present, but H7 cannot be 

supported with this data. 

Table 4.68 – Relational Capital Breadth Testing, Model Fit Statistics 

Model Predictors p-R2 AIC BCC 
Control 14 .1896 377.95 382 
Direct Effect 15 .1908 377.365 381.439 
Squared Terms 16 .1923 377.1 380.2 
Interaction Term 16 .1908 379.112 383.118 

 
Table 4.69 – Relational Capital Breadth, Standardized Coefficients 

 Std.Est. p-value 
CN_Nintendo .1697709 <.001 
CN_EA .0596620 .006 
CN_EAS .0896599 <.001 
CN_Sony .0786375 <.001 
CN_Mid -.0462578 .032 
CN_Capcom .0399167 .068 
Genre_High .1151589 <.001 
ThirdParty -.1098033 <.001 
Branded .1517907 <.001 
Networked .1645704 <.001 
DevNew -.0912428 <.001 
Playstyle -.0874811 .003 
CN_Disrupt .0449459 .04 
Plat_Low -.1970533 <.001 
RC_Breadth -.2706976 .04 
RC2_Breadth .2406470 .071 

 
As in prior tests of moderating effects, the test of  H7A and H7B was initially attempted 

using the full analysis set.  A mean-centered interaction term for relational capital and relative 

complexity was added to the H7 model, replacing the squared term.  Inclusion of the interaction 

effect worsens model fit (AIC = 379.112 and BCC = 383.118) while only providing .12% more 

variance explained than the control model.  Neither the direct predictor of breadth (p=.2) nor the 

interaction term (p=.615) reached significance.  These findings suggest lack of support for H7A 

and H7B. 
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Hypothesis 7A – Low Complexity 

H7A expects a positive relationship between relational capital breadth and product score 

in low-complexity environments.  This hypothesis is tested in the low-complexity subset 

(n=1295).  Model fit statistics appear in Table 4.70.  Inclusion of the relational capital breadth 

predictor worsens the overall model (AIC = 60522 and BCC = 60518) while only contributing 

.1% to the variance explained.  The relational capital breadth predictor is negative and not-

significant (p=.284).  H7A cannot be supported. 

Table 4.70 – Relational Capital Breadth in Low Complexity, Model Fit Statistics 

Model Predictors p-R2 AIC BCC 
Control 14 .251 -59256 -59252 
Final Model 15 .252 -60522 -60518 

 
 
 

Hypothesis 7B – High Complexity 

H7B posits a negative relationship between relational capital breadth in high complexity 

settings.  This hypothesis is tested in the high complexity subset (n=469).  Model fit statistics 

appear in Table 4.71.  Inclusion of the relational capital breadth parameter improves overall 

model fit (AIC = -11157 and BCC = -11145).  However, the overall contribution of the new 

predictor is less than .01% variance explained.  The predictor relational capital breadth fails to 

reach significance (p=.885).  H7B cannot be supported. 

Table 4.71 – Relational Capital Breadth in High Complexity, Model Fit Statistics 

Model Predictors p-R2 AIC BCC 
Control 14 .2102 -12473 -12462 
Final Model 15 .2103 -11157 -11145 
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Section 6 – Examination of Power 

This section provides an examination of power for each of the models examined in this 

analysis.  In Ch. 3, I provided a theoretical examination of estimated sample size.  At that time, 

using a .05 error and around 20 predictors in the model, I observed that it would take roughly a 

sample of 246 to provide .8 power to detect moderate effects and a sample of roughly 1702 to 

detect small effects.  With the sample complete, and the contributing effect size after controls 

known, exact estimation of the power of each test can be offered.   

SamplePower, part of the SPSS 15 suite was utilized to interpret power of each 

hypothesis test.  Under a regression estimation, I utilized a model with the sample size, 14 

controls and the pseudo-R2 for controls as the base.  The change in pseudo-R2 and final number 

of predictors was used to evaluate the iterative power of the model after controls. 

For publishers, most of the models exhibit appropriate power.  Model power for 

publisher-specific tests appear in Table 4.72.  There are several tests where the power is below 

the targeted .8 level (H1, H1A, H5A and H5B), but in all cases the marginal contribution to 

pseudo-R2 after controls were in place was negligible.  Recognizing that my study has sufficient 

sample to detect moderate, and in many cases small, effects it is reasonable to conclude that the 

null results were not a result of insufficient power.  The one area that is puzzling with the 

publisher findings lies with the H2 hypothesis.  Here, an effect size large enough to be detected 

was observed, but no specific parameter proved significant.  This confirms my concerns 

regarding the joint-determination and internal correlation of the constraint measures.  Based on 

the MLE model, an effect is present, however the overlap between explained variance is so large 

that the MLE model cannot discriminate between valid and non-valid predictors. 
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Table 4.72 – Power Levels, Publisher-specific Tests 

Hyp Model N Control pR2 Final Model Final pR2 Power 
H1 Publisher 1764 0.188 18 0.1903 0.393 
H1A Publisher 1764 0.188 18 0.192 0.643 
H2 Publisher 1764 0.188 22 0.197 0.908 
H2A Publisher 1295 0.227 18 0.275 1 
H2B Publisher 469 0.637 18 0.7 1 
H3 Publisher 1764 0.19 17 0.195 0.798 
H4 Publisher 1764 0.19 23 0.213 0.999 
H4A Publisher 469 0.413 19 0.534 1 
H4B Publisher 1295 0.257 20 0.268 0.929 
H5A Publisher 1295 0.153 26 0.147 0.05 
H5B Publisher 469 0.179 21 0.192 0.454 

 
For developers, most of the models exhibit appropriate power to detect the effect size 

present.  Model power for developer-specific tests appear in Table 4.72.  In general, these results 

confirm the supported and not supported hypotheses.  Where significant results were obtained, I 

generally had a large enough sample – even with the number of predictors present – to detect at 

least a small effect size.  In the areas where no specific effect manifest (H3 and H4B), the 

incremental effect is too small to detect with the sample present. 

Table 4.73 – Power Levels Developer-specific Tests 

Hyp Model N Control pR2 Final 
Model 

Final pR2 Power 

H1 Developer 1764 0.188 15 0.193 0.908 
H1A Developer 1764 0.188 15 0.194 0.95 
H2 Developer 1764 0.188 16 0.193 0.847 
H2A Developer 1295 0.227 18 0.238 0.9483 
H2B Developer 469 0.637 18 0.777 1 
H3 Developer 1764 0.19 21 0.192 0.2715 
H4 Developer 1764 0.19 24 0.201 0.9459 
H4A Developer 469 0.413 21 0.579 1 
H4B Developer 1295 0.257 21 0.222 0.05 
H5A Developer 1295 0.153 27 0.168 0.907 
H5B Developer 469 0.179 20 0.219 0.96 

 
None of the relational capital hypotheses evidenced significant results.  Model power for  
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relational capital tests appear in Table 4.72.  As observed, the relative power to detect these 

effects was very low.  However, referring to my a prior evaluation, with models of 15 and 16 

predictors, I needed roughly 221 sample to detect moderate effects and 1542 to detect small 

effects.  The study had a large enough sample and, while correlations with the relational 

measures and score were generally significant, the effect after controls was simply not large 

enough to prove significant.  

Table 4.74 – Power Levels Relational Capital Tests 

Hyp Model N Control pR2 Final 
Model 

Final pR2 Power 

H6 Relational 1764 0.1896 15 0.1899 0.1268 
H6A Relational 1764 0.1896 16 0.19 0.1532 
H7 Relational 1764 0.1896 16 0.1923 0.5718 
H7A Relational 1295 0.251 15 0.252 0.2576 
H7B Relational 469 0.2102 15 0.2103 0.0566 

Section 7 – Evaluation with Network Models 

In the proceeding section, several references were made to the use of non-parametric 

network analysis techniques to evaluate hypotheses of interest in this study (in particular H1 and 

H2).  Additionally, this theme and its primary focal reasons appears throughout Ch. 4.  Further, 

in Ch. 2  discussion of structural capital, consideration was given to the use of MRQAP 

regression approaches to evaluate this sample.  There are abundant reasons, primarily addressed 

in Ch. 2, why MRQAP is a desirable analytic technique.  In this section, I explain why MRQAP 

was ultimately not selected for this study. 

The primary problem involves processing power.  Network regression functions quite 

differently than traditional estimation techniques like MLE, GLS and OLS.  In a network 

regression, no assumptions of the underlying distributions of measures is assumed.  For each 

parameter estimated, 2000 simulations are run generating samples of similar matrix size.  The 

comparison of these random samples to the observed samples provides the basis for 
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determination of p-values and ultimately significance.  Additionally, network regression occurs 

at the dyadic level, comparisons are made for every unique pair of entities in the study.  The 

effect of this approach is to dramatically expand on the number of observations observed.  A 

dyadic approach increases sample size from n to (n*(n-1))/2.  In the case of this study, this would 

take a data set of 1764 software titles and turn it into an analysis of 1,554,966 software title 

paired comparisons.   

This implies that for a typical 18-estimator model from this data set, a computer would be 

required to engage in roughly 1,554,966*18*2000 calculations.  While the resulting analysis 

would be free from biases and analytic threats which render techniques such as OLS unusable, 

the processing power required to run a single model is substantial.  A test run of one such model 

was conducted in the creation of this study.  The model was examined on a Pentium-4 computer 

with 3.19ghz processor and 2.5gb RAM.  Estimation of the first four parameters of a 20-

parameter model took over forty-eight hours, at which time the computer crashed.  The outlook 

for completing the full analysis of this dissertation with current technology is bleak. 

That is not to say that MRQAP approaches are out of reach for future examination, nor 

should they be voluntarily discarded for organizational level analysis.  Rather, the researcher 

should take into account processing power when determining both sample and model size.  For 

purposes of this dissertation’s follow-up studies, it is quite feasible that examination of some yet 

to be defined subsets might generate a sample both reasonable for computer processing power 

while also providing the appropriate content for relevant hypotheses testing.   

 

Section 8 – Summary of Hypothesis 

This study examined seven hypotheses, several of which had subordinated hypotheses.  A 

total of fourteen hypotheses were examined and a summary of the results appear in Table 4.75.  
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Four hypotheses were supported.  H2A, (constraint at low complexity), H3 (firm depth), H4A 

(firm breadth at high complexity), and H4B (firm breadth at low complexity) all found results 

directly in line with predictions.   

Two hypotheses receive mixed support.  H5A (breadth-depth interaction at low 

complexity) and H5B (breadth-depth interaction at high complexity) each produced significant 

results.  In the former case, the findings are in line with the logical arguments of H5A even 

though the signs and effects are not exactly as predicted in the hypothesis.  For H5B, the results 

are directly in line with the wording of the hypothesis (a positive effect was predicted), but not in 

the exact order that the logical argument was presented.  Were the hypotheses less specific in 

wording, both H5A and H5B would arguably be supported, but as written and argued, they 

deserve the notation ‘mixed support.’ 

Three hypotheses produced significant results directly opposite of predictions.  H1 found 

a negative relationship between access and score and H1A found a negative moderating 

relationship between access and complexity.  H2B found a positive relationship for constraint in 

high complexity settings where a negative relationship was predicted.  These results are 

discussed in greater detail in Ch.5, but the apparent result is one of different theories in action.  

H1 was built around the search benefits of access where the results seem more in-line with 

institutional theory explanations.  H2 is built around Burt’s structural hole theory and the value 

of diverse networks when searching for novel solutions.  The resulting finding is closer to that 

one would expect from Coleman’s (1988) or Uzzi’s (1997) social capital arguments indicating 

that dense interconnected networks provide the best benefit in highly complex environments. 

Five hypotheses were not supported in any manner.  All of the relational capital tests (H6, 

H6A, H7, H7A and H7B) failed to produce a significant result.  The results here are puzzling 

given the relatively strong correlations observed between the relational capital measures and the 
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dependent variable.  The most likely explanation involves the contribution of the control 

measures.  All variance explained by the relational capital measures may have been replicated 

within one or more control variable.  In particular, the large publisher controls are the likely 

source of the confound.  At this point, with the analytic techniques available, these findings are 

left unsupported.  Perhaps a different setting or subset of this sample may uncover the relational 

capital effects predicted, but that is unfortunately not the case in this study. 

Table 4.75 – Summary of Hypothesis Testing Results 

Hypothesis Concept Anticipated 
Direction 

Significant Results Findings 

H1 Access positive Developer (Closeness - 
negative) 

Not 
Supported 

H1A Moderated positive Developer (Closeness - 
negative), Publisher (Degree - 
negative) 

Not 
Supported 

H2 Constraint No 
Prediction 

  

H2A Low 
Complexity 

positive Developer (Constraint - 
positive) 

Supported 

H2B High 
Complexity 

negative Developer (Constraint - 
positive) 

Not 
Supported 

H3 Firm Depth positive Publisher (Genre - positive) 
Publisher (Playstyle - positive) 
Publisher (Network - Negative) 

Supported 

H4 Firm 
Breadth 

No 
prediction 

N/A N/A 

H4a High 
Complexity 

positive Developer (Platform - positive) 
Developer (Playstyle - positive) 
Developer (Genre - negative) 
Publisher (ESRB - positive) 
Publisher (Playstyle - positive) 
Publisher (Network - negative) 

Supported 

H4b Low 
Complexity 

negative Publisher (Third Party - 
negative) 
Publisher (Playstyle - negative) 
Publisher (ESRB - positive) 

Supported 

(table continues) 
 

Table 4.75 (continued). 
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Hypothesis Concept Anticipated 
Direction 

Significant Results Findings 

H5 Breadth*De
pth 

No 
prediction 

N/A N/A 

H5a Low 
Complexity 

curvilinear Developer (Genre - interaction 
plot) 

Mixed 
Support 

H5b High 
Complexity 

positive Developer (Platform - positive) Mixed 
Support 

H6 Relational 
Depth 

positive None Not 
supported 

H6a Moderated negative None Not 
supported 

H7 Relational 
Breadth 

curvilinear  Not 
supported 

H7a Low 
Complexity 

positive None Not 
supported 

H7b High 
Complexity 

negative None Not 
supported 

 
To summarize the analysis findings, fourteen different relationships were tested for the 

seven major constructs.  Of these four are supported – H2A, H3, H4A, and H4B.  Two 

relationships receive mixed support with interaction effects or coeffecients in line with prediction 

– H5A and H5B.  Three significant relationships appeared in directions opposite predictions – 

H1, H1A and H2B.  Five relationships receive no support – H6, H6A, H7, H7A, and H7B.  I 

discuss the interpretations and implications of both the expected and surprising findings in 

chapter 5. 

Table 4.76 – Summary of Moderator Testing Results 

Hypothesis Construct Supported Format 
H1A Access Opposite Results Interaction1 
H2 Constraint Opposite Results Interaction2 
H4 Breadth Supported Interaction2 and Subset Analysis 
H5 Breadth*Depth Supported Interaction2 
H7 Relational Breadth Not Supported Neither 
Notes: 

1.  In this format, a subset analysis is either not required by the prediction (H1) or not feasible given multiple 
interactions predicted (H5) 

2. While both interaction effects and subset analysis were conducted, the only support for the moderator 
appears in the interaction effect. 
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Several of the hypotheses in this study involve the moderating effect of relative 

complexity.  Testing of these effects occurred both using interaction terms and subset analysis at 

high and low levels of complexity.  Table 4.76 depicts the moderating hypotheses, whether the 

moderator was supported or not supported, and whether support (if any) occurred using the 

interaction term, subset analysis or both.  For the most part, moderating effects were generally 

only observed in the interaction tests.  The subset analysis provided clarification for H4 in the 

testing of firm breadth of experience.  In all other cases where subset analysis was conducted,  

model fit indicators generally suggested predictors were important to estimate, but no specific 

predictor achieved significance. 
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CHAPTER 5  
 

DISCUSSION 
 

This dissertation set out to examine the collaborative outputs of interorganizational 

relationships (IOR).  It’s motivation is drawn largely from Gulati’s (1998) call to arms to address 

this specific topic, our literature is well versed in identifying the benefits firms receive from 

collaboration while currently little is known on the effects firms have on collaborations.  The 

theories which form the foundation of this study are not atypical of IOR research, specifically 

that of dynamic capabilities and social capital at the organizational level. 

In conjunction with the past IOR research, I have used the primary constructs 

emphasizing the search and learning benefits of structural capital alongside the expertise benefits 

of firm and relational capabilities.  Past research, emphasizing atomistic benefits of 

collaboration, suggest that past partnerships influence future innovativeness (Ahuja, 2000a; Bell, 

2005) and productivity (Koka et al., 2002).  It seems logical that these capability developmental 

benefits should also prove useful when applied to collaborative work, thus the general form of 

the hypotheses mirrors firm-specific studies of the recent past.  The findings, in general, are in 

alignment with past research although several surprises emerge.  It is my conclusion that these 

differences may, in fact, point to refinements in our understanding of the capability to 

performance relationship when taking into account collaborative product development.  

Specifically, moving beyond firm to collaborative product development brings to the fore 

important differences in partner role leading to contingency-based capability benefits. 

In this chapter, I review the findings of this research.  The remainder of this chapter 

consists of four sections.  The first examines the findings and implications of this study by 

hypothesis.  Following that is a discussion of the limitations of the study.  I then provide a 
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discussion of future directions this line of research suggests.  The chapter concludes with a 

summary of the contributions of the study. 

 

General Findings 

In this section I discuss both the findings of the study and their implications.  This 

includes the supported, not supported, and surprising findings of this research.  The summaries 

are organized by main hypothesis with each of the subordinated, moderator, hypotheses 

addressed alongside its relevant main hypothesis.  I begin with the firm-specific hypothesis of 

structural capital (access and constraint) and dynamic capabilities (firm depth, firm breadth and 

firm breadth-depth) and then move towards the relational capabilities (relational depth and 

relational breadth). 

 

Structural Capital – Access 

Hypothesis 1 examined the structural capital concept of access.  The hypothesized 

relationship entailed a positive search benefit accruing from increased access ultimately yielding 

better collaborative outputs for firms with greater access.  It was further expected that this 

relationship would be even more important when managing relatively complex projects.  

Relative complexity was considered to increase when the firm lacked direct relevant experience 

to apply to the project.  In such complex situations, the positive value of complexity would be 

further increased based on the needs of search in complex situations. 

The findings for H1 suggest the opposite.  For the developers in the data set increases in 

access, as measured by closeness, actually led to decays in the quality-rankings of the product 

output (the game).  In relatively complex situations, this negative relationship accelerates 

becoming increasingly negative as the relative complexity of the game increases. That such a 
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negative relationship manifests with closeness is particularly interesting.  Of the various 

centrality measures, closeness provides an indication of a firm’s overall centrality in its industry.  

The closeness measure is a direct reflection of the summed shortest path to all other network 

actors.  This measure reaches its most significant values for firms in the inner-core of the 

network and approaches lowest values for firms at the periphery. 

The approach taken with H1 involved the search benefits accruing through increased 

access.  The results suggest a different phenomenon is at play.  Here, the inner-core developers 

generally develop games receiving a lower-quality ranking from professional reviewers than do 

peripheral firms.  Further, when developing relatively complex games, inner-core developer’s 

games score far lower than peripheral game developers.  Rather than suggesting search-benefits, 

this ultimately suggests industry inertia forces are at play.  Professional reviewers appear to 

perceive games developed by core firms as less impressive than games developed by peripheral 

firms, a finding which becomes even more pronounced when dealing with relatively complex 

titles.  Firm’s tend to be most peripheral in the release of their initial titles, which leads to the 

conclusion that the creative contribution of industry newcomers (Afuah, 2000) outweighs the 

search benefits of access (Shan et al., 1994) when examining collaborative projects. 

For publishers a similar finding manifest, the results are in direct opposition to 

hypothesized relationships.  Here, though the publishers degree access measure had a 

significantly negative impact of product rating for highly complex projects.  Publishers working 

on non-complex projects had essentially negligible benefits (or detriments) from degree 

centrality measured access.  Degree centrality is a measure of the number of contacts a firm has.  

In this case, increased contact coincides with lower product ratings.  The hypothesis was framed 

in the search-benefits approach common in firm-level research emphasizing innovativeness 

(Ahuja, 2000a) and performance (Baum et al., 2000).  The results here suggest that, in 
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collaborative projects, there is a decaying value of involvement in multiple highly-complex 

projects. 

In game development, the publisher’s role is largely managerial.  The publisher generally 

funds projects, manages developmental milestones, and ultimately handles the marketing and 

distribution of the title.  Findings in this study suggest that publishers attempting to manage 

multiple, highly-complex projects produce lower scoring titles than do publishers managing 

either multiple low-complexity projects or publishers managing fewer highly-complex projects.  

While this result opposes the search-benefit hypothesis, from a project management standpoint, 

there is a logical fit between time-management, quality and complexity.  A publisher engaging in 

multiple complex projects appears to overextend themselves leading to a lower ability to impact 

the quality of the project.  While this conclusion is largely conjecture, when factoring in the 

findings of H3 (firm-depth), the conjecture gains at least some added support.  I will extend this 

observation in the discussion of H3. 

Overall, the results of H1 were significant – but in the opposite direction of predictions.  

While this may, at first, appear surprising given the propensity of access-performance research at 

the firm level (Ahuja, 2000a; Baum et al., 2000; Singh, 1997), past research has largely 

emphasized firm-level benefits of access.  My dissertation emphasizes firm-level impacts on 

collaborative outputs, the differing results from that perspective are not that shocking.  When 

two, or more, firms collaborate in product development they logically dole out tasks based on the 

relative contribution each firm is expected to provide.  In this sense, the collaborating firms 

become an organization unto themselves for purposes of the product development process.  In 

my study, publishers take on the roles of managers while developers take on the role of 

line/operational employees.  When factoring in the role-prescribed function of each firm, the 

access findings are not as surprising – managers need more focus on complex projects and are 
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ill-advised to overextend themselves.  Developers, too entrenched in industry traditions, are 

likely to release derivative titles surpassed by the novelty of peripheral newcomer’s 

contributions. 

 

Structural Capital – Constraint 

Hypothesis 2 and its subordinates focused on the contingent benefits of constraint (Burt, 

1997).  Here it was hypothesized that both constrained and unconstrained networks provide 

different types of benefits, each valuable in different situations.  Dense networks were 

anticipated as more valuable in low-complexity projects – here the benefit comes from the social 

control values of constraint.  Firms acting in dense interlocked networks are believed to be more 

trusting (Uzzi, 1997) and have lower transaction costs (Granovetter, 1992) interacting with their 

peers leading to better collaborative outputs.  However, it is argued that such benefits are less 

important when the task at hand involves extensive search.  Particularly in the creation of the 

new and novel, which I define as highly complex projects, constrained networks should be less 

well equipped to perform than more efficient brokerage networks (Burt, 1995). 

Significant results were observed only for developers and only using the Burt’s constraint 

measure.  Burt’s constraint measure takes the density of the ego network and controls it for the 

size of the ego network, within this study both the low and high complexity settings evidenced a 

positive significant relationship for constrained developers and their collaborative product 

output.  In low complexity settings, the findings of this study support this argument.  Firm’s 

occupying positions in more interlocked, dense, networks produce titles receiving higher ranking 

scores than do firms in sparse, brokerage networks.  Opposed to predictions though, in high 

complexity settings the constraint-score relationship remains positive.  In these settings, the 

search benefits accumulating in brokered network of unconstrained action proves less beneficial 
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than the transaction-cost lowering, increased trust and partner-knowledge of the constrained 

network. 

Unraveling this finding leads to several possibilities.  First, Burt’s arguments on the 

benefits of brokerage networks is largely a function of the actor-specific benefits accumulating 

through unconstrained (e.g. more efficient) networks).  In the case of my research, the emphasis 

is on collaborative output benefits, which appear to benefit from constrained networks.  This is 

not inconsistent with the findings of Uzzi and Spiro (2005) who identify the reviewed quality of 

broadway musicals as increasing as a function of the small-world properties of the industry.  In 

particular, the small-world phenomenon examines the propensity of networks to have dense 

clusters which are connected via brokers.  A fully formed small-world industry resembles a 

crocheted quilt with tightly intertwined clusters linked by threads to other intertwined clusters.  

This extends Uzzi’s (1997) work in the fashion industry where interconnectedness benefits of 

trust and anticipated reciprocity provided substantial problem-solving benefits between partners.  

Under this possible scenario, in collaborative projects transaction-cost lowering benefits through 

constrained networks may ultimately outweigh search benefits achieved in sparse networks. 

It is also possible that the results of this study are contaminated by violations of 

assumptions necessary for MLE regression.  These problems are most apparent in the predictors 

for H2.  Several predictors, which correlated significantly and positively for both the publisher 

and developer failed to reach significance in the analytic models.  For publishers, during 

iterations of constraint testing, specific measures approach significance, but worsen in value 

when other non-significant predictors are constrained to zero.  Thus, it is quite possible that 

suppressing effects manifest with the H2 analysis.  If so, this suggests that the properties of 

network measures of constraint may prove problematic in MLE based regression. 
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Constraint measures are jointly determined, not independent observations.  The constraint 

score for a firm is largely determined by the constraint scores of its partnered firms.  While this 

statement is somewhat true also of network access (a firm has greater access as a function of its 

connection to other firms), with constraint the ‘node-level’ measure is heavily influenced by the 

measures of adjacent nodes.  While MLE is robust to multi-collinearity, it still operates with the 

assumptions of multivariate normality and is not well-disposed to interdependent measures 

(Byrne, 2001; Cohen et al., 2003; Hair et al., 1998).  Given the composition of constraint 

measures, it is quite feasible that the lack of findings for publishers is as much a function of the 

violations of normality assumptions as it is a lack of relationship between constructs.  This 

concern is less-true for the developer results wherein only a single constraint indicator proved 

useful and the final models involved only that constraint measure and controls.   

For publishers, though, the contamination of the multiple jointly-determined indicators 

failed to produce an interpretable result.  While the model worsened in overall fit with removal 

of publisher indicators, the fully estimated model remains uninterpretable.  Since the fit of 

models, for publishers, ultimately improves with estimation of multiple measures of constraint, 

some form of relationship between publisher constraint and game rating is apparently present.  

The form of the relationship remains undetermined.   

The third possible explanation for results involves an extension of Uzzi and Spiro’s 

(2005) concept of small-world phenomenon.  Their study of Broadway musicals suggests that as 

the clusters within a network become highly constrained while the constraint between clusters 

remains sparse, overall rated quality of the industry’s releases improves.  Their industry, 

Broadway musicals, is one with more interaction between actors than that observed in the video 

game industry.  The general density of the video game industry is relatively sparse.  While a 

publisher-developer relationship is virtually always present, developer-developer and publisher-



   

269 

publisher linkages are relatively rare.  I have attempted to model this using port-families where 

both multi-publisher and multi-developer relations are present and through the use of licensing of 

third-party graphic engines.  Even so, the overall network density is fairly low.  It is possible, 

therefore that the general sparseness of this industry network means that most firms gain Burt’s 

brokerage benefits and that, at the extremes, this brokerage benefit is outweighed by having 

some density present.  In other words, when working in a sparse network, being in a dense 

cluster is valuable.  My study only examines one network (the video game industry) over 

nineteen periods.  This does not provide enough data points, nor different industry characteristics 

to evaluate such a potential confound.  Network quality impacts may play a role in this study, but 

such effects remain largely unexamined and I can therefore offer little more than suggestions for 

studies of network comparisons. 

 

Firm Capabilities – Depth of Experience 

Hypothesis 3 examines the relationship between a firm’s depth of experience and the 

reviewer rating of the video game.  In general, the dynamic capability literature suggests that 

firm’s which engage in activities where they have relevant experience outperform firm’s engaged 

in activity where they have less, or no, relevant experience.  As such, the expectation of H3 was 

that a positive relationship exists between depth and game ranking.  H3 is supported for 

publishers, with a positive relationship observed for depth as measured by genre and playstyle 

experience.  A negative relationship, for publishers, was observed for network experience and 

game ranking.  No significant relationships were observed for developer depth of experience. 

The results suggest that the reviewer rating of the game increases proportionally to the 

publishers experience working with similar genres and playstyles.  While the relationship for 

networked experience is, at first, puzzling this relationship is likely a multicollinearity issue.  
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The correlation between networked depth and score, for publishers, was positive (r =.0314).  

Further, there is a strong correlation between networked and playstyle (r =.8691).  This makes 

sense given the nature of these two measures.  All single player games (the base value for 

playstyle) are non-networked.  There is little reason to have multi-hardware capability for a game 

entirely focusing on a single-players experience.  Similarly, all networked games in this sample 

are multi-player (the “1” value in the playstyle attribute).  While some multi-player games are 

non-networked, the general overlap between the measures of playstyle and networked is quite 

large.  Thus, in the presence of the playstyle coefficient, the remaining impact of networked on 

score becomes negative.  This does not undermine the general positive trend of correlations 

between depth measures and score, nor does it offset the interpretability of the genre and 

playstyle indicators. 

It appears puzzling though that the developer measures do not reach significance.  This 

appears to suggest that developer capability does not matter for the development of the title.  

However, such an extreme conclusion is undermined by the results of both H4 and H1.  In H4, 

developer breadth does provide insights into the relationship between experience and score.  It is, 

however, the relationship between the access measures and score where I believe the lack of 

developer depth relationship makes the most sense. 

In the access measures, publisher degree access was negatively related to score and the 

relationship became more negative as relative complexity increased.  I argued in H1 that 

publishers managing complex projects are best served to manage fewer different developers.  

Similarly, for developers, overall centrality as measured by closeness was also negatively related 

to project success and the interaction of complexity strongly suggests that closeness is 

particularly negatively related to score when a core developer engages in a complex project.  

Interestingly, at low complexity developers access does not substantially degrade score.  The 
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conclusion I drew in H1 involved the relationship of incumbent and new entrant developers.  

Incumbent developers seemed better served working on low complexity projects while new 

entrants (peripheral firms) were more successful working on complex projects. 

Taken together, incumbent and new entrant developers are each successful.  Since access 

was determined by number of partners – which is indicated by presence of projects – the overall 

conclusion would be a more central firm would likely have more experience.  It appears, 

therefore, to not lie on the developers shoulders whether the quantity of experience they have 

improves the success of the project.  Rather, the role of project manager held by the publisher 

seems most important.  The publisher chooses which developer to fund/assign the software 

development and then ultimately manages the project. 

When a publisher is working on low-complexity projects, they are well served to assign 

these to core firms (in line with H1) and therefore are able to manage simultaneous projects with 

different developers (also in line with H1).  However, when working with more complex 

projects, the publisher is better served focusing on genres and playstyles the publisher is 

experienced in (aligned with H3) while working with more peripheral newcomer firms (in line 

with H1).  In this, my findings are aligned with Ahuja’s findings for incumbent-newcomer 

pairings during periods of technology change – however this conclusion involves combinations 

of H1 and H3 findings and was not specifically the focus of any hypothesis in this study. 

 

Firm Capabilities – Breadth of Experience 

Hypothesis 4 examines the relationship between the dispersion of experience and the 

reviewer rating of the game.  In line with specialist-generalist arguments, specialists (lower 

breadth) were expected to be successful in low complexity settings while generalists (high 

breadth) were expected to perform better making high complexity titles.  Significant results were 
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observed for both publisher and developers.  For publishers, these results manifest with the 

ESRB (age-demographic), playstyle and networked experience.  For developers, results were 

observed for the platform, playstyle and genre measures. 

For publishers, the general pattern of the findings suggests that breadth is better in highly 

complex settings.  When managing highly complex projects, publishers with greater breadth in 

ESRB and playstyle experience produce better scoring titles than do publishers specializing in 

ESRB or playstyles.  The logic here suggests that knowledge of how to position products for 

different age groups (ESRB) and understanding of game development on both single-player and 

multi-player titles enables the publisher to more effectively manage the game development 

process ultimately leading to higher reviewer scores.  Similar to findings with publisher depth of 

experience, network experience works in opposing direction with single and multi-hardware 

experience lowering the quality of the highly complex title.  However, again the distinction with 

the networked findings is likely the suppressing effect of the high correlation between playstyle 

and networked measures. 

With developers, the important attributes differ but the conclusions are similar.   

Developers with experience on multiple platforms and both single-player and multi-player 

experience appear better positioned to contribute to highly complex projects.  Interestingly 

though, developers are ill-served to generalize in terms of genre.  Here, working on multiple 

genres appears to degrade the developers contribution to the project leading to a lower scoring 

title.  Instead, specializing in a single or a few genres allows a developer to apply expertise 

improving the ultimate score of the title.  As with publishers, most of the developers breadth 

impact plays out on more complex projects.  In H3, developer depth of experience did not impact 

score, but with H4 we see that breadth does.  This implies that experience matters for developers, 

but it seems to be more of a question of what kind of experience rather than how much. 
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In general, the breadth indicators play out in-line with the expectations of H4.  Breadth of 

experience does impact product quality with a more diverse experience set for publishers and 

developers improving the success of more complex projects.  Interestingly, for developers some 

degree of specialization (along genres) accrues benefits simultaneously with breadth in other 

areas.  While a single negative indicator is also observed with publishers, that relationship 

appears to be a multi-collinearity effect.  There isn’t as clear-cut an interrelationship between 

genre (the negative developer relationship) and either playstyle or platform.  As such, it is 

possible that a more complicated relationship exists between breadth and performance in 

collaborative ventures.  This relational complexity is possibly a function of the division of labor 

in the collaborative function (and thus a function of role) as well as distinctions in the types of 

experience necessary to complete complex projects.  As this study is one of the first studies 

examining firm capability impact on collaborative outputs, this conjecture is interesting and 

suggests a path for future studies. 

 

Firm Capabilities – Depth-Breadth Interaction 

With Hypothesis 5 I investigated a relationship between depth and breadth profiles.  

While the literature tends to test these as separate concepts measuring respectively how much 

and what type, the theory descriptions used describing breadth suggests that an interaction 

between the two measures exists (Gavetti et al., 2005).  In particular, while the breadth concept 

examines archetypical differences between pure specialists (no breadth) and pure generalists 

(maximum breadth), discussion in the literature suggests that at least one different configuration 

– the learning firm – potentially outperforms either.  The learning firm, as defined by Hayard 

(2002), has a generally focused profile and builds up extensive experience in one area (high 

depth), but also periodically engages in ‘learning activities’ which are one-off ventures in areas 
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on inexperience.  The purpose of these learning activities is to gain experiences which inform 

future success in the dominant, or focal, area of activity.  From a purely breadth indicator, this 

doesn’t model well.  Such a firm would have a rather specialized entropy measure, albeit the 

learning activities would make it slightly broader than a pure specialist. 

To model these archetypical differences, I have multiplied depth and breadth indicators to 

produce a configuration measure I refer to as breadth-depth.  By interacting breadth and depth 

we actually gain four archetypical ranges (although only three are hypothesized as interesting): 

the pure specialist (low breadth – high depth), the learning firm (high breadth – high depth) the 

generalist (high breadth – low depth) and the novice firm (low breadth – low depth).  H5, 

extending from NAME research tested for the scenarios where these archetypes were likely to 

function.  In low-complex settings, the learning firm should have outperformed both the 

specialist and the generalist.  In highly-complex settings, the learning firm should outperform the 

specialist, but potentially underperform the generalist.  In the examination of H5, significant 

results were determined at both the high and low complexity settings for developers only.  For 

developers both the genre and platform indicators reached significance (note – both also reach 

significance for developers in H4). 

Interestingly, for developers the interaction of breadth-depth at both high and low 

complexity settings produces similar results.  In both settings, the learning firm (high-breadth, 

high-depth) outperforms both the generalist (high-breadth, low-depth) and the specialist (low-

breadth, high-depth).  Indeed, pure specialists are relatively similar to novices (low-depth, low-

breadth).  Largely, this refines the findings in H4.  For H4, developer platform breadth was 

positively related to performance (generalists better off than specialists) but genre was negatively 

related (specialist better off than generalist).  By interacting breadth-depth, a refined 

configuration approach explanation emerges.  In both cases, the developer benefits from having a 
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significant concentration area (a single platform or a single genre).  However, the developers 

ability to work on that platform (or genre) is positively influenced by their previous one-off 

learning efforts with other platforms (or genres).  This also helps explain the lack of depth 

findings for developers, pure specialization (high depth) is not any more beneficial than being a 

pure newcomer (no experience).  Indeed, the developer is able to leverage their depth of 

experience when they also have some capability spread to broaden their perspective. 

H5 is largely exploratory.  Configuration research is utilized in both the strategy and 

operations literature, however my configuration approach differs from either.  Strategy literature 

often examines the configurational fit between strategy (often measured by adaptive orientation 

using Miles and Snow’s archetypes) and structure (generally mechanistic or organic forms).  The 

prevailing logic is that a congruency between strategy and structure produces optimal results 

(Doty, Glick, & Huber, 1993; Miller, 1984).  In operations, configurations are observed using the 

product-process configurations found by interacting Woodward’s classic process technologies 

with the product life cycle (Hayes & Wheelwright, 1979).  Research here suggests that a 

dominant best-technique appears with each process optimized for a specific stage of the product 

life cycle, however off-diagonal strategies prove competitive when congruent with the firm’s 

strategy profile (Ariss & Zhang, 2002).  My use of configurations deals entirely with 

configurations of breadth-depth – measured by tracking evolution of capabilities across past-

period projects.  The method used here is a first attempt at identifying capability configurations – 

as such the findings which emerge are intriguing and suggest a need for continued examination 

of capability configurations. 

 

Relational Capital Depth 

Hypothesis 6 is the first of two hypotheses examining dyadic contributions.  Rather than 
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examining either the social capital or capabilities provided individually by the publisher and 

developer, these two hypotheses examine the history of interaction between the particular 

publisher and developer involved in the game development process.  H6 expects a generally 

positive relationship between depth of experience, but a value which decays in the face of 

complexity.  The explanatory logic for this is that increased experience between partners 

develops idiosyncratic partnership capabilities (Larson, 1992) which benefit the future partnering 

activities of the dyad.  However, these same routines which smooth operations between partners 

potentially become sources of inertia when engaged in complex projects. 

While the relational depth correlations (r =.106) were fairly strong relative to other 

predictor-dependent correlations, H6 was not supported.  Estimation of the relational capital 

depth measures neither improves model fit, nor adds any predictive value to the model.  It 

appears therefore, that any value captured in the bivariate correlation is also carried in some 

mixture of the control measures.  The power levels for these models are relatively strong, so it is 

reasonable to conclude that no significant relationship exists between relational capital depth and 

product score in this industry.  While disconcerting, this finding is consistent given the mix of 

findings for firm depth (H3) and firm access (H1). 

In firm depth, only the publishers experience ultimately mattered.  This suggests that both 

inexperienced and experienced developers produce successful titles – largely to the extent they 

have an experienced partner.  Relational capital depth is entirely contingent upon both firms 

having prior history together, which would place the prediction of H6 at odds with the findings 

of H3 and H1.  While my H6 hypothesis is built of partnering theories in IOR (e.g. Gulati et. al, 

2000), the actual findings of this study are more in line with Afuah’s (2000) finding of 

incumbent to new entrant partnerships.  While some measure of relational experience may 

explain product quality, a straight depth measure does not. 
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Relational Capital Breadth 

Hypothesis 7 builds off relational absorptive capacity (Lane et al., 1998) and expects that 

the overlap (or lack thereof) in capabilities between the publisher and developer will influence 

the score the product receives.  Consistent with Lane and Lubatkin’s arguments, the ideal overlap 

is some, but not too much – a prediction I have attempted to model as a curvilinear function at 

low complexity.  At higher levels of complexity, I focused on the search benefits of largely 

complementary (and therefore only small overlap) capabilities.  This was modeled by use of a 

Euclidean distance measure for the n-dimensional breadth indicators for each capability.  A 

higher distance measure suggests that the profiles for the firms are farther apart (hence less 

overlap) while a low distance suggests largely identical profiles (hence higher overlap).  

Unfortunately, relational capital breadth did not provide any predictive value either direct or 

curvilinear at either a high or low complexity levels. 

It is possible that the problem with this hypothesis test is more measurement 

methodology than theory-driven.  The Euclidean distance measure is an accepted approach to 

measuring relational breadth (Ahuja, 2000a), but the relevant n-dimensions are unknown a priori.  

I attempted to refine my categories for depth and breadth through examination of the industry 

characteristics and through interviews and discussion with industry insiders.  Nonetheless, my 

measures assume that all seven categories (e.g. genre, platform, playstyle, ESRB, networked, 

branded, and third-party) are equally important.  Further, past deployment of Euclidean distance 

measures for breadth assumes that each partner has the same relevant set of capabilities to model 

in n-dimensional space. 

The results for H4 and H5 suggest that this is not accurate in this industry.  While breadth 

indicators (H4) are important predictors for both publishers and developers, the mix of which 

predictors are important for which role differs.  Indeed, the only shared critical breadth indicator 
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was plasytyle.  For the remaining categories two different categories were important for 

publishers (ESRB and networked) as well as developers (platform and genre).  The remaining 

two categories (branded and third-party) proved unimportant from a breadth or breadth-depth 

standpoint.  Thus, my seven dimensional relational breadth measure captures two potentially 

unimportant categories and four categories which may only be of importance for one of the two 

production roles.  From this, while relational capital breadth may be quite important in this 

industry, the Euclidean measure may not represent the best way to conceptualize this construct.  

In directions for future study, I will offer a possible method involving capability configuration 

alternatives. 

 

Limitations of Study 

All research works within limitations.  In this regard my study is not atypical.  While I 

have followed prior research approaches in hypothesis development, methodologies and analysis, 

there are several important limitations in this study.  In most cases, these limitations are common 

to the theory areas I draw upon and represent the difficulties in modeling abstract concepts.  

While these limitations are generally necessary baggage in these areas of study, in some cases I 

believe findings of my study may suggest future research directions which may ultimately reduce 

the impact of these limitations.  The limitations I shall focus on in this section include issues of 

causality, measurement concerns with relative complexity, numbers of predictors used for 

various constructs, analytic modeling limitations and issues of effect size. 

My hypotheses and the general form of my conclusions imply causality.  While proving 

causality is arguably impossible barring omnipotence, researchers accept John Stuart Mills 

preconceptions as reasonable basis for arguing causality.  The three necessary conditions are 

mutual correlation, temporal precedence and the ruling out of alternative explanations.  The 
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mutual correlation and statistical significance of my models support the first precondition.  My 

data collection methodology is archival and the predictors are drawn temporally preceding the 

dependent variable, thus arguably satisfying the second condition.  I have also used some 

diligence in generation of appropriate controls both using a priori expectations and preliminary 

diagnostics.  My data collection method represents a quasi-experiment using archival data which 

is generally rigorous enough to argue causality and I believe my methodology supports such 

argument.  I make this statement while ultimately recognizing that I may only argue a causal 

relationship and acknowledge that some other factor outside of the current state of the literature 

may offer a more appropriate causal explanation.  With that in mind, given the limitations of the 

current state of our research, this study supports causal arguments. 

A second methodological limitation occurs with my operational decisions regarding the 

relative complexity moderator.  Relative complexity is generally untested in our current 

literature, although theory for its existence is supported (Stock et al., 2000; Verona, 1999).  I 

have chosen to model relative complexity as the absence of experience across the seven relevant 

categories and used an iterative method to ramp up relative complexity.  While this approach 

matches the theory explanation of relative complexity (Verma et al., 2002; Verona, 1999), it 

creates an estimation problem in that the measure of relative complexity takes the form (at least 

in part) of one of the predictor variables depth of experience.  A second limitation exists as I rate 

each category equally when it is feasible that lack of experience in some categories may be more 

problematic than lack in other areas. 

I address the first concern by noting the measurement problems with capabilities extend 

beyond just the relationship between relative complexity and firm depth.  Using our current 

methods, firm depth of experience also provides the basis for established entropy measures used 

in the breadth measures.  Entropy measures use a relative weighting of depth in each level of 
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experience associated with measurement of a given category (i.e. the various levels associated 

with the category platform become the proportional weights to evaluate breadth measures of 

platform).  In the current state of our research, we use the visible manifestation of an activity as 

the presence of some capability.  I am currently limited to use the lack of such manifestation as 

the indication of a lack of capability – thus increasing the relative complexity.  In this sense, 

relative complexity is necessarily burdened with the same measurement challenges that exist 

with measuring depth of experience and breadth of experience.  It is a conceptually sound 

measure, but the interaction between depth and relative complexity is necessarily complicated.  I 

have attempted to reduce the problems of this limitation by keeping the depth and relative 

complexity measures separate in models, but recognize the potential limitations of this measure. 

The second limitation with relative complexity involves the equal weighting I have used 

to increment my relative complexity moderator.  Other than theoretical guidance on the existence 

of the construct, I had little measurement guidance to work from to operate this construct.  

Arguably, if lack of experience increases relative complexity than my operationalization is sound 

in its incrementing process.  The measure itself is crude though to the extent that it fails to take 

into account the relative worth of lack of experience in each category.  I  believe that this 

limitation reflects the lack of development of this theoretical construct and opens the door for 

future research.  Further research, in this industry, could evaluate the proportional contribution of 

lack of experience in each categorical area enabling refinement of this measure.  Even so, a 

generalization problem emerges moving from industry to industry.  Relative complexity should 

increase given lack of experience in relevant categories, but such knowledge is impossible a 

priori.  I remain convinced that my incrementation method is appropriate in an exploratory 

capacity as the moderator is deployed in this study.   
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The third limitation addressed in this section involves the number of predictors used for 

each construct.  In particular, four access measures, four constraint measures, seven firm-depth 

measures and seven firm-breadth measures were deployed for both the publisher and developer.  

In most cases, only a few of the predictors reach significance and the mix of significant 

predictors differ from publisher to developer.  I initially attempted to address this concern 

through examination of scales, a discussion of which appears in the appendix.  Scales are 

generally not deployed in either the firm capability literature or the social capital literature and 

my analysis of this data set suggests it would be inappropriate for this industry.  I have, therefore, 

followed the approach of other researchers (Baum et al., 2000; Tsai et al., 1998) and deployed 

multiple indicators for each measure. 

The current tendency to deploy multiple indicators is an unfortunate, but necessary, 

limitation of this field of inquiry.  Strategy researched is challenged by the need to 

simultaneously explore and explain.  While the relevant theories and constructs are easily 

defined a priori, knowledge of the appropriate indicators to measure these constructs are not so 

easily determined.  The appropriate measure of firm capabilities is categorically contingent and 

the categories differ from industry to industry.  Similarly, while established structural capital 

measures exist for access and constraint, it is recognized that different measures model different 

flows of social capital BORGATTI.  Lacking a deep understanding of the intricacies of an 

industry, a research is ill-advised to omit these different measures.  Further, in this study I have 

demonstrated that in collaborative efforts the relevant capabilities actually differ by partner-role.  

Failure to model these multiple indicators would obstruct finding evidence supporting theory.  I 

recognize that limits to support exist for each of the hypothesis I call supported.  However, I 

argue that my approaches are in alignment with past researchers and thus my conclusions are 

arguably valid as well. 
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The next limitation addressed involves the use of MLE estimation techniques with data 

arguably violating the assumptions of multivariate normality.  Contractor et al. (2006) argue that 

non-parametric techniques are optimal for the usage of network data, but they observe that MLE 

parameter estimates lead to similar conclusions.  I recognize that a non-parametric technique is 

the ideal approach to test my hypotheses and describe an attempt to deploy a non-parametric 

MRQAP technique at the end of chapter 4.  Unfortunately, given the size of the data set, this 

bootstrapped dyadic comparison cannot be easily deployed given current technology limitations.  

In this sense, I am faced with the same problems driving the use of most of our statistical models 

– I recognize that my conclusions are limited to the extent of violations of MLE assumptions, but 

also recognize that this type of analysis is used in other published studies and represents the best 

technological application for a full industry analysis at this time. 

The final limitation discussed in this section involves effect size.  In general, the amount 

of variance explained in the testing models is relatively low.  Further, the contributory 

explanation offered by the predictors is generally marginal relative to the explanations offered by 

the controls.  It is arguable, therefore, that my results are statistically significant while of limited 

practical value.  This is an unfortunate reality of this study.  While the hypothesized predictions 

are supported in the analysis of this study, for most hypotheses, the ultimate explanatory power 

is generally only a percentage point or two of variance explained.  The results are significant 

given sample size, but what is the value of such a small explanation?  Ultimately, the answer to 

such a question delves into the nature of competition within industries.  In competitive markets, 

firms strive for any source of advantage – in that my analysis provides indicators of some 

sources of advantage, the results are useful.  The limited effect justifiably suggests that the 

implications of these findings are taken in context, but even so application of these drivers of 

advantage have value. 
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Future Directions 

This study represents one of the few attempts to examine the impact firm’s have on 

collaborative outputs.  While the results of this study are interesting, they can not 

comprehensively address the phenomenon under investigation.  In this section I propose four 

different extensions building from this research.  These include examination of the impact of 

hardware strategies, replication of the study in other industry settings, extension and refinement 

of the relative complexity concept, and extension of capability configuration research. 

The first extension of this study involves examination of a third force functioning in this 

industry, that of the console manufacturer.  While not explicitly hypothesized, my initial 

expectation involved a potentially negative impact of the discontinuous technology occurring 

around the launch window.  The results do not support this expectation.  Rather, the launch 

windows for the PS3, X360, and Wii do not substantially differ in quality from the other titles 

released on those same platforms.  Additionally, the PS3 and the X360 (two of the newest 

technologies) have the highest aggregate rankings of all consoles.  I question the extent to which 

the hardware manufacturer managing the launch window influences this quality.  Here, I draw 

upon the research of Venkatraman and Lee (2004), who focused entirely on the relationship 

between publisher and console manufacturer.  Their research suggests that the hardware 

manufacturers aggressively manage the software library for their platforms and actively engage 

and retain high quality publishers for potentially exclusive relationships for specific titles. 

While my study controls for the aggregate quality of the console at the high and low 

bound, examination of the console-specific software libraries suggests each hardware 

manufacturer targets a very specific demographic for their hardware.  This is observable as a 

specific pattern of genre, playstyle and ESRB patterns on each platform.  While the manufacturer 

is not involved in the creation of the specific titles, and thus not a direct focus of my study, there 
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seems little doubt that this exogenous effort of the hardware manufacturer impacts the type and 

maker of software titles for their library.  To this extent, the hardware manufacturer’s software 

strategy plays a role in the project selection process and, as my study demonstrates, the project 

selection process (project attributes, partner selection, etc.) influences the ultimate software 

quality.  Future research could examine strategic patterns of hardware manufacturers in terms of 

the types of titles released (product attributes) and publisher/developer characteristics.  The 

suggested direction bridges Venkatraman and Lee’s (2004) partner selection research with my 

partner capability study under the mantle of hardware manufacturer strategies. 

The second logical extension of this study involves examination of the same constructs in 

a different industry setting.  It is unclear, based on the single industry sample, to which extent the 

constructs of interest are always at play or only contingently at play in high-velocity industries.  

By convention, and often of necessity, research in this field focuses on single-industries.  A 

future study should examine my research model in another industry, preferably not a high-

velocity industry.  The primary question of such a study is whether the same  mix of constructs 

play a role in collaborative product design when industry velocity is slower – as an example, in 

the commercial construction industry (e.g. sport’s stadiums).  A related benefit of examination of 

other industry settings is the potential to draw upon other dependent variables more common of 

project research.  While my literature review suggests that perceived quality is an indicator of 

substance to project managers, what are the impacts of firm capabilities, social and relational 

capital on more traditional project outcome metrics such as ‘on time’ and ‘on budget?’  

Replication of this research in other industries could offer insights into such questions.   

Relatedly, what impact do industry-network characteristics have on the evolution of firm 

capabilities, social capital, relational capital and project outcomes?  Here I turn to Uzzi and 

Spiro’s (2005) work in the Broadway musical industry.  There findings suggest that the closer 
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the Broadway musical industry matches the small-world function, the better the average 

perceived product quality (as measured by critical reviews) of all musicals released in that year.  

Is this true in the entertainment software industry, where the actors are organizational level and 

the industry network is notably more sparse?  What about the motion picture industry, television 

industry or music industries?  In all cases, the ability to monitor project releases and actor 

interactions are possible and in each case a similar meta-critic type quality score should be 

available. 

The third extension of this research involves refinement and extension of the relative 

complexity indicator.  As discussed in limitations, relative complexity has not been deployed 

previously to the best of my awareness.  It has been advanced conceptually and my modeling of 

the construct matches the theoretical discussion.  I believe in exploratory research within an 

industry, the iterative method I used is appropriate, but it may be possible to refine (or scale) the 

relative impact of lack of experience in each category.  Given the nature of my current data-set, 

each product could be re-coded dichotomously for whether developer experience is present (or 

absent) for each category (e.g. genre, platform, etc.).  Using this dichotomized set of categorical 

predictors (0=no experience, 1=some experience) with project score as the dependent variable in 

a conjoint analysis to provide an estimation of the part-worth value of ‘lack of experience’ in 

each category.  These part-worth values could potentially then be used in a summed format to 

move the relative complexity measure from a ‘count’ indicator to something closer to a 

continuous measure.  Modeled thusly, the approach would be akin to exploratory factor analysis 

(or perhaps, more specifically SEM factor loading) in that the raw data ultimately contributes to 

a more refined measurement of relative complexity. 

The fourth extension of research involves extension of the capability configurations 

observed in H5.  In this study, I used a capability configuration interaction of breadth and depth 
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to produce four archetypes (newcomer, specialist, learning firm, generalist) while hypothesizing 

the relationship for three of the archetypes.  For the developer role, where the type of experience 

seems more important than the absolute depth of experience, this interaction effect is a useful 

predictor of the perceived quality of the software title.  My deployment of the interaction effect 

is a lone-attempt at capability configurations, but the concept has been theoretically advanced 

and modeled in an incumbent-newcomer (dichotomous) relationship previously (Afuah, 2001).  

What other capability configurations, or fine-grained refinements of capability configurations, 

exist in this industry?  Do these differing capability configurations provide better relevant 

positioning for product development?  These questions can only be addressed in a deeper study 

of capability configuration. 

One potential method to investigate this approach would entail examining the developer 

and producer capability configuration clusters within the data set.  A cluster analysis of the 

breadth and depth capability relevant for a project selection may reveal more than four 

archetypes present in this industry.  There are two potential deployments of such information – 

first an absolute ‘which is best’ approach and the second entailing something akin to traditional 

configuration ‘congruence’ approaches.  In the first approach, a series of ANOVA designs could 

compare which configurations, on average, produce higher quality outputs.  Significant results 

here would offer detailed project-acceptance parameters for firms in this industry.  The second 

approach would examine the ‘distance’ a configuration is from an idealized archetype (the 

learning firm based on my initial findings) and the impact that ‘distance’ has on the ultimate 

ability to leverage capabilities towards project success (Doty et al., 1993).  It is also possible that 

archetypical distance of capability configurations may be a better estimation of the relational 

capital breadth indicator than a straight-forward modeling of the differences in breadth indicators 
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in n-dimensional space.  Further investigation of capability configurations appears quite 

promising. 

 
Conclusion 

In conclusion, this study provides one small answer to a large and complex problem.  The 

study contributes to our understanding of antecedents of successful collaborative product 

development projects.  While we know a great deal of the benefits collaborations have for firms, 

we know far less about how firm’s leverage their capabilities towards collaborative successes.  In 

this study, I have demonstrated that firm capabilities and capability configurations play a role in 

successful outputs.  While not a direct focus of the study, the role of the collaborator appears to 

have a significant impact in which capabilities become relevant for success.  For example, it is 

apparent that for publishers the question is ‘how much experience,’ while for developers the 

relevant question is ‘what type of experience’ is present. 

This study also makes a contribution to our understanding of social capital (at the 

organizational level) influences on collaborative product outcomes.  While my study operated 

from an expectation of search-benefits of social capital, my results suggest that the resources 

necessary to manage multiple relationships play a larger negative role than any potentially 

positive search benefits. 

This study also represents one of the first empirical tests of both relative complexity and 

firm capability configurations.  Both concepts have been referenced theoretically and capability 

configurations have been examined in the incumbent-newcomer model, but to this date I am 

aware of no significant empirical investigation of either of these concepts.  In this paper, the 

relative complexity moderator, while crudely modeled, plays an important role in the 

understanding of several of the supported hypotheses as well as the off-direction results of the 

social capital constructs.  The deployment of the capability configuration approach provided an 
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interesting insight into the role of depth for developers, an observation that would have been lost 

without considering the interaction of both depth and breadth. 

Firm’s seeking competitive advantage often seek out partners to augment their own 

capabilities.  We recognize the firm-specific benefits of such collaboration, but we need a greater 

understanding of the processes and values of these firms in their collaborative outputs.  Future 

research examining collaborative outputs along quality and economic measures is warranted.
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APPENDIX 

SUPPLEMENTAL ANALYSIS
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Sample Characteristics 

This section provides an examination of the distribution of titles within the data set.  This 

will include examination of proportions of titles occurring on each of the seven tracked 

categories (platform, playstyle, third party, branded, networked, ESRB, and genre) and titles by 

release date.  These areas, publishers of large value, and a prior hypothesized controls are used in 

evaluation of potential control measures. 

 

Titles by Platform 

The following is a breakdown of the 3778 titles in the full data set by the ten platforms of 

interest.  Of these platforms, only Gamecube PC and PS2 have a lifespan across all 43-months of 

the data set, although Gamecube and PS2 are being phased out currently.  The other platforms 

have already phased out of existence by the end of the data set (Xbox and Gamecube) or have 

come into existence (launched) over the period covered by the data set (DS, PS3, PSP, X360 and 

Wii).  As can be seen in Table A.1, PC and PS2 provide the largest contribution to the data set 

while the newest 'next gen' consoles (PS3, X360 and Wii) contribute the fewest.   

Table A.1 – Number of Titles per Platform 

Console 
Platform 

Number of 
Titles 

PS3 36 
Wii 58 
X360 192 
PSP 252 
DS 267 
GC 280 
GBA 423 
Xbox 552 
PS2 799 
PC 939 
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 Next, the data set is depicted by the type of platform.  Depicted in Table A.2, Personal 

Computers (PC) is depicted on its own and contributes roughly 25% of the titles.  The handheld 

platforms consist of Nintendo's GameBoy Advanced (GBA) and Dual Screen (DS) as well as 

Sony's Playstation Portable (PSP).  Handhelds contribute roughly 25% of the title as well.  The 

bulk of the titles are console titles consisting of Microsofts Xbox and Xbox-360 (X360); Sony's 

Playstation 2 (PS2) and Playstation 3 (PS3); and Nintendo's Gamecube (GC) and Wii.  Consoles 

contribute roughly 50% of the titles.   

Table A.2 – Number of Titles by Platform Type 

Platform Number of Titles 
PC 939 
Handheld 943 
Console 1917 

  
The next sort, in Table A.3, depicts titles as released by the owner of each platform.  Here 

again, PC remains separate as no specific company 'owns' the PC platform.   PC contributes 

roughly 25% of the titles again.  Sony owns the PS2, PSP and PS3 platforms and titles released 

on Sony platforms contribute around 33% of the data set.  Nintendo owns the Gamecube, 

Gameboy Advanced and Wii platforms and Nintendo platforms account for just over 25% of the 

titles in the data set.  Finally, Microsoft owns the Xbox and X360 platforms and titles released on 

Microsoft products account for just under 20% of the data set.   

Table A.3 – Number of Titles by Platform Manufacturer 

Platform Owner Number of Titles 
Microsoft 744 
PC 939 
Nintendo 1029 
Sony 1087 
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 Examination of the data, as depicted above, suggests categorical groups of the data are 

possible.  While, in the long-run, this may open the door for follow-up studies using subsets of 

the data, for purposes of this study the concern lies in whether these observed groupings may 

contaminated the distribution of the dependent variable.  In LATE SECTION, analysis of the 

dependent variable by platform will evaluate whether specific controls need modeled to address 

systemic variance in the dependent variable. 

 

Titles by Release Date 

Entertainment software is released in seasonal windows.  In general, there is a holiday 

shopping season (late October through November) and a summer release season (coinciding with 

summer movie tie-ins).  This section examines breakdown of titles released by month. 

Examining Figure A.1, you can fairly clearly see seasonal patterns in release dates, with 

November of each year representing a peak in releases.  Additionally, January of each year 

appears to be a scarce month for releases.  Since timing of releases has at least some marketing 

impact (it's not always "when it's ready"), there may likely be a seasonal impact on the quality as 

well as quantity of titles released.  Some months could well be 'dumping months,' where 

insufficient titles are released onto the market.  An additional observation on Figure A.1 and 

subsequent figures is that the months on the right side of the figure constitute the 'analysis' data 

set while the initial 24-month window provide lead in data points to calculate attributes for 

month 25 (November, 2005) releases.   
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Figure A.1 – Titles by Release Date 

 
 
In this section, I have broken down titles by month into their respective platforms.  These 

are evolutionary models depicting the number of titles in the dataset on a given platform over the 

life of the data set.  The initial entry is PC titles.  This is, to an extent, the benchmark platform as 

it is (1) not the proprietary product of a specific competitor, (2) has the lowest barriers to entry 

for developers and (3) existed in a relatively unaltered form for the life of the data set.  In this 

figure, we can see seasonal patterns.  As with the 'all titles' figure, November remains a hot 

month for releasing titles while January is typically the lowest month for releases. 

Figure A.2 – PC Titles by Release Date 

 

 
The Consoles 

The next section discusses the release schedules for the various console platforms tracked 

in this data set.  This includes Sony's Playstation 2 (PS2) and Playstation 3 (PS3), Microsoft's 

Xbox (Xbox) and Xbox-360 (X360), and Nintendo's Gamecube (GC) and Wii (Wii).  Here, the 
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platform itself is a proprietary product of a third party manufacturer (Microsoft, Nintendo or 

Sony).  These platforms compete head to head for box sales and each competitively seek out 

publishers and developers to release titles specifically for their platform and, when possible, only 

for their platform.  The choice of publisher release to platform was actually the focus of the 

Venkatraman and Lee paper (2004).  My data set, to a degree, extends their study by tracking 

data through the most recent two generations of the console wars.  This segment discusses the 

monthly release pattern by console as shown in Figure A.3.  

 In addition to three manufacturers, there are two generations of products tracked in this 

data set.  The older generation of consoles is Nintendo's Gamecube, Sony's PS2 and Microsoft's 

Xbox.  You can see fairly clearly that Sony 'won' the last round.  In nearly every month of the 

cycle, Sony had more titles released on their PS2 platform than either Gamecube or Xbox.  

Further, Gamecube had nearly dropped out of the race near the end of the last cycle.  By the 

November 2005 release of Microsoft's X360, GC releases drop notably for the final year of the 

Gamecube cycle.   

Figure A.3 – PS2 Titles by Release Date 
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 Figure A.4 – Gamecube Titles by Release Date 

 
 
 Figure A.5 – Xbox Titles by Release Date 

 
 

The most recent generation of the console wars began in November, 2005 with 

Microsoft's release of the Xbox 360 followed exactly one year later by Nintendo's Wii and 

Sony's PS3.  You can see the impact of the X360 launch on Xbox titles, following the November 

2005 release of the X360, Titles released on the Xbox decreased substantially and for all 

practical purposes ceased on November 2006.  Similarly, release of titles for the Gamecube 

practically ceases in November 2006, the release date for the Wii.  Sony's situation is a bit more 

interesting.  Their PS3 released in November 2006, and a general reduction in release levels for 

the PS2 is visible at that time.   Interestingly though, publishers and developers continue to 

release PS2 titles through the end of the data set.  As will be seen in the next generation 

comparisons, the PS2 remains a more popular platform for publishers than the PS2's intended 

replacement, the PS3. 
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 The newest round of the console wars began in November, 2005 with the release of the 

X360 and began full-force in November 2006 with the release of the Nintendo Wii and Sony 

Playstation 3.  In this latest round, the competitors began to separate themselves with their 

strategic positioning.  Sony and Microsoft continued the trend of bigger and stronger processors, 

significantly upgrading the performance characteristics of their platforms and incorporating next 

generation DVD capability (HD-DVD for the X360 and Blue-Ray for the PS3).  Nintendo 

moved in a completely different direction, barely increasing the processor power of their 

Gamecube.  Rather, Nintendo emphasized family entertainment products and more immersive 

hardware by integrating motion recognition capability into their primary input device.  Nintendo 

also chose to remain in a much lower price-window for their platform.  While Microsoft 

launched their X360 in the $400 range and Sony launched the PS3 in the $700 range, Nintendo's 

Wii released at around the $250 price point.   

 Figure A.6 – Xbox 360 Titles by Release Date 

 
 Figure A.7 – Wii Titles by Release Date 
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 Figure A.8 – PS3 Titles by Release Date 

 
 
While this generation is clearly just underway, fortunes appear to have shifted.  Microsoft 

has taken advantage of their early launch window, medium price point and high end hardware 

capability and built a substantial lead in number of available titles.  Sony, the clear winner last 

round finds itself in last place currently.  The number of titles being released and covered on the 

PS3 is roughly 1/2 of that of Nintendo and far less than the X360 library.  Nintendo appears to be 

recovering from their Gamecube losses.  The Wii launch library, while smaller than the X360 

launch library, matched the number of titles released in the same window for the X360.  Further, 

since the launch date, Nintendo has remained clearly ahead of Sony's title releases and has 

approached the monthly release numbers of the X360. 

Figure A.9 depicts the market share of each platform as measured by the count of titles 

released in any given month.  This is, therefore, a stacking of the previous figures.  The 

dominance of the Sony PS2 is clearly visible across the last generation of titles.  Indeed, the PS2 

remains a substantial competitor at the end of the cycle, despite the release of its intended 

replacement platform and in spite of the technological superiority of other next generation 

competition. 

 Another interesting aspect of this figure is the life pattern of the replacement and 

replaced technologies.  As indicated, the Sony PS2 (the bottom slice) remains quite vibrant 
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despite the release of its replacement technology the PS3 (the top slice).  In fact, the PS3 has yet 

to eclipse the PS2 release levels. 

Microsoft's replacement pattern differs somewhat.  The Xbox (second slice from bottom) 

fared quite well in the last generation of the console wars.  At the point of the introduction of its 

replacement technology, November 2005, Xbox releases drop off, but remain in play through 

November 2006.  The release of the X360 (top slice in November 2005) makes a notable impact 

immediately and gradually erodes and replaces the Xbox portion of the chart over the subsequent 

12-month window. 

 Figure A.9 – Console Market Share by Platform and Release Date 

 

Nintendo experiences a completely different replacement cycle.  The Gamecube (top 

slice prior to November 2005) is clearly the weak player in the last generation of technologies.  

Its replacement, the Wii emerges in November 2006.  Unlike the Microsoft pattern though, the 

number of reviewed-released titles for the Gamecube notably deteriorates in the year prior to the 

Wii's release.  Indeed, the Gamecube release-share is a mere sliver at the point of the 

introduction of the Wii in November, 2006 (Wii is the second slice from the top in Nov. 06).  

The Wii, however, makes a fairly large entry into the market and becomes a visible share over 
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the remaining months of the cycle, greatly increasing the share Nintendo carried in the prior 

generation of the console wars. 

 

Handhelds 

While the console wars have generated some interest academically and in other venues, 

the handheld competition has received far less focus.  In large part, this is because the handheld 

industry has been a one-horse race for most of its history.  Indeed, since the introduction of the 

1989 Gameboy platform, Nintendo has completely dominated the handheld sector.  Attempts to 

break into the market by Atari (1989) and later N-Gage (2003) effectively failed.  This 

dominance began to erode with Sony's assault on the handheld market with it's March, 2005 

North American release of the Playstation Portable (the PSP released in November, 2004 in 

Japan).  This sector has also witnessed generation changes with the Nintendo Gameboy 

Advanced releasing in 2001 and more recently Nintendo's Dual-Screen (DS) releasing in 2004.   

 Over the life of this data set, the GBA, PSP and DS exist with the data set capturing the 

introduction dates of the DS and PSP.  There are therefore two evolutionary forces impacting the 

titles released by platform.  The first being the competitive efforts of Nintendo and its rival Sony 

while the latter is the replacement cycle as the Nintendo DS gradually replaces the Nintendo 

GBA. 

 Much like the console wars, handhelds are proprietary hardware platforms designed to 

run game software.  The manufacturer of the hardware platform seeks out publisher/developer 

groups to produce titles for their hardware platform and, when possible, attempts to lock-in 

'exclusive releases' to gain a competitive advantage over rivals.  In the Handheld cycle, Nintendo 
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remains the leader in the market as measured by titles released and reviewed on their platforms.  

However, the Sony PSP has emerged as a viable contender. 

 Figure A.10 – Gameboy Advanced Titles by Release Date 

 
  
Figure A.11 – Playstation Portable Titles by Release Date 

 
 

 Figure A.12 – Dual Screen Titles by Release Date 

 
 

Depiction of distribution of titles, by handheld, in a stacked format appears in Figure 

A.13.  From a replacement technology standpoint, the DS has not emerged as a clear replacement 

to the GBA.  Since the DS release, GBA releases have dropped somewhat, but seasonal peaks 
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remain roughly the same year to year.  In part, this may be related to a relatively slower to 

develop launch library for the DS.  Unlike other new release platforms (the PSP, X360, Wii and 

PS3), the DS had a relatively small launch library.  This is even more pronounced given its 

launch in what would normally be considered a peak release month (Nov. 2004).  In the most 

recent two peak seasons, the DS has begun to match the level of GBA titles, but has only 

recently emerged as a true replacement to the GBA.   

Overall, the introduction of the DS and PSP appear to have grown the market as 

measured by titles released and reviewed more-so than replacing or taking market share from the 

GBA.  However, this is only obvious at the seasonal peaks.  During the remainder of the year, 

title release levels remain relatively flat. 

Between November 2005 and November 2006, the DS gradually takes up title share 

formally held by the GBA.  The PSP meanwhile has apparently wedged itself in with a firm 

foothold of a niche of the library. 

 Figure A.13 – Handheld Market Share by Platform and Release Date 

 
 
 
 
Titles by Genre 

In this section I have conducted an examination of the data set by genre.  In Ch.3 I had 

identified the genres most likely to be used based on a perusal of the contributing data sources.  
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With the data set collected, I have a finalized list of genres which contribute to the data set.  This 

includes addition of a few genres I had not recognized in the earlier write-up.  The following are 

the genres as they appear in the final data set. 

 Action - The largest single block of the data set.  Action games cover a variety of play 

types, but share certain characteristics in common.  First, the player typically controls an avatar 

that interacts with the game environment in a number of ways.  Second, there is typically some 

form of character advancement, beyond that found in platformers, but not rising to the point of 

significance that an RPG takes. 

 Adventure - This type of game is generally reminiscent of interactive books.  The focus 

of the game is on an unfolding story which the player advances by discovering acting points on 

the screen and resolving puzzles/problems.  Game play is generally slow, often these games 

provide still screens with little or no motion (other than the player's cursor or pointing device). 

 Compilation - These games represent compilation packages typically consisting of a 

library of older titles released by the publisher/developer.  In some cases this is simply an 'all in 

one' pack which brings an original game and it's expansion packs together while in other cases it 

represents publishers reviving libraries of titles released in prior decades.  In general, the review 

for these games reflects both the quality of the port (of the original games) and the quality of the 

bundling (the number and perception of the titles included), making the review of a compilation 

different than the review of its inclusive titles. 

 Driving - In these games the player typically controls some form of land based vehicle.  

Cars are the most common form, but motorcycles, skateboards and other types of wheeled 

vehicles exist.  Here, the general form of game play involves the player interacting with the 

environment primarily by navigating through and around encounters.  Time and speed are 
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generally the metrics for player success although some titles incorporate measures of 'style' in the 

navigation of the driving circuit. 

 Fighting - In general, these games resemble action games in that the player controls a 

single avatar and interacts with the environment in pursuit of a set of objectives.  The key 

difference between fighting and action titles involves character development (typically little or 

none in a fighting game) and ways to interact with the environment.  Generally fighting games 

simply involve melee with other avatars while action titles will have a variety of ways for the 

player to interact with the environment. 

 Gambling - These games are typically card or casino games where the emphasis of game 

play is on betting.  Success metrics are typically tied to the amount of money won through 

betting. 

 Music - This is a rather unique and emergent genre of games.  Here, the player generally 

engages in a series of rhythm/music inspired game play.  This ranges from karaoke game (with 

microphone usage), dancing (using a floor mat as an input device) and musical instruments (with 

stylized guitars and drums as input devices).   

 Platformer - This includes games based on traditional arcade games and early first 

generation console gaming.  The genre title reflects the propensity of these types of games to 

include a series of platforms which the player avatar must jump or otherwise move between.  In 

general these forms of games include far less avatar development (temporary 'power ups' are 

common) and avatar-environment interaction is generally restricted to avoiding moving elements 

and resolving movement between 'platforms.' 

 Puzzle - This includes games of both puzzle and logic nature.  In general game play is 

slower than in other games (although this is not always true) and the emphasis of the game is on 
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pattern recognition, 'solving' puzzles of varying intricacy, or recall of information. 

 Role-playing games (RPG) - In general, the RPG resembles the action genre in that the 

player typically controls an avatar with a great deal of environmental interaction.  What 

distinguishes the RPG from the action game is the extent of avatar development.  Where the 

action game generally provides minor avatar development, the RPG focuses on this.  

Advancement of the avatar in an RPG typically includes development of skills, abilities and 

acquisition of equipment enabling the player avatar to successfully interact with more advanced 

environmental challenges. 

 Shooter - As with the fighting type of games, the shooter also closely resembles the 

action genre but (like fighting games) differs in the amount of environmental interaction and 

avatar development.    In shooters, environmental interaction is typically restricted to shooting 

various types of ranged weapons to destroy opposing avatars and environments.  Because the 

emphasis is on ranged combat (unlike fighters), shooting games generally involve line of sight 

and cover issues with static environmental resources (hiding behind boxes and trees), which 

changes the nature of game play from fighting games.   

 Simulation - Simulation games attempt to recreate or realistically depict specific types of 

events and environments.  This ranges from games which attempt to mirror the life of individual 

beings (the Sims as an example), games which attempt to recreate advanced avionics such as 

flight simulators and games which attempt to recreate professional settings (cooking simulators 

and surgery simulators as examples). 

 Sports - These titles allow the player to engage in traditional sports events like football, 

soccer, and baseball.  Often these titles will include third party licensing allowing players to 

control real world sports franchises like the New York Yankees, Manchester United, or even the 
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Harlem Globetrotters.   Depending on the type of sports, players will control the actions of a 

single avatar, a team of avatars, or the coach/play-caller of a sports team. 

 Strategy - These games generally take on a macro character with the player controlling 

armies, cities or nations.  The emphasis of these games typically involves resource management, 

marshalling of assets and deployment towards a series of objectives.  Types of game play 

includes military, business and geo-political situations among others. 

Table A.4 depicts the breakdown of all titles by their genre as previously defined.  

Action, Sports, Shooters and Driving titles make up the largest segment of the data set while 

Music, Gambling, and Compilation are the smallest genres.  Two issues to be considered are 

whether the smallest genres merit inclusion and whether the largest genre should be split up. 

It is my belief that the smallest genres deserve to remain intact.  In general, these genres 

involve types of game play too unique to really shoe-horn in to any other genre.  Further, these 

smaller genres are niche homes of specific developers specializing in these unique games.  The 

other category, compilation, mixes too many genres to adequately include it in any other 

segment. 

The largest genres, alternately, can be explained by two attributes which have yet to be 

examined in detail.  The first of these are ports.  Action, sports and shooter type games are far 

more likely to be ported to multiple systems than other genres.  As an example, every year when 

EA Sports releases a new version of Madden football, they release a title on six or more different 

platforms, which greatly inflates the number of SKU's in the data set.  The second explanatory 

attribute are 3rd party licenses (and ports).  Games based on movies frequently fall in the Action 

category while games based on sports frequently license a real world sports entity.  Publishers 

typically port such 3rd party licensed titles to multiple platforms to spread their investment 
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across a wider customer base.  As both 3rd party license and port are covered as separate 

attributes, I believe these larger genres should be allowed to stand 'as is' pending examining of 

the relationships described above. 

 Table A.4 – Number of Titles by Genre 

  Genre Number of Titles 
Action 704 
Sports 452 
Shooter 428 
Driving 349 
Strategy 335 
Platformer 334 
RPG 311 
Fighting 224 
Simulation 189 
Adventure 136 
Puzzle 131 
Compilation 83 
Gambling 51 
Music 49 

 
Table A.5  provides a depiction of the proportion of titles, by genre, released on the 

different platforms.  Overall, action, sports, driving and music games are more common on the 

console systems.  Handhelds are more likely to offer platformers and puzzle games.  RPG's, 

strategy and simulations are more common on the PC.  I believe several explanations exist which 

collectively explain this distribution.  Consoles typically have greater processing and graphic 

power than do handhelds.  Because of this, handhelds are more likely to release simpler games or 

games with less complex graphical environments.  Both the puzzle games and platformer games 

generally have simple graphic and restricted interaction options, reducing the resource 

requirements for the platform.   

 Consoles and PCs typically have similar processing power.  PC typically has the upper 

end on processing power, but the variability in processing capabilities with PC customers is quite 

high (some people own very high end systems, others minimal systems) while consoles have a 
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static processing power set by their manufacturer.  The consoles are all licensed environments 

with permission requirements to release software on the console manufacturer's system 

(although, as noted previously there is competition amongst manufacturers to land 'highly sought 

after' publisher/developers.  Because of this, the cost of developing for the consoles is typically 

greater than for the PC.  With higher costs, console publisher/developers must seek higher 

volume sales per title which frequently leads to greater use of 3rd party licensing (will confirm 

this in a later analysis, but it's pretty obvious glancing down the various platform spreadsheets).  

This greater utilization of 3rd party licenses also contributes to the higher number of action and 

sports titles on consoles.   

 The PC market is also generally the older segment of the consumer population.  While 

age ranges for consoles vary quite a bit (Nintendo's products are geared much younger than Sony 

or Microsoft's), the PC typically draws the older element of the consumer population in part 

driven by the higher entry costs for PC's relative to consoles and handhelds.  In general this 

means that the PC market has at least some tendency towards more complex and less 'twitchy' 

titles.  This accounts both for the reduction in platform and action titles as well as the increased 

proportion of RPG, strategy and simulation titles.   

 Table A.5 – Titles by Genre and Platform 

  Xbox X360 PS2 PS3 PSP GC Wii GBA DS PC 
Music 8 3 27 0 1 5 0 1 2 2 
Gambling 7 3 9 0 7 1 0 5 3 16 
Compilation 12 1 20 0 10 8 1 17 5 9 
Puzzle 2 10 6 0 23 2 2 18 33 35 
Adventure 11 0 16 0 3 3 1 14 12 76 
Simulation 14 5 21 2 8 5 4 11 21 98 
Fighting 36 10 71 1 19 28 5 31 13 10 
RPG 15 7 75 2 21 16 1 42 24 108 
Platformer 37 24 56 1 15 43 10 86 37 25 
 

(table continues) 
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Table A.5 (continued). 
 
  Xbox X360 PS2 PS3 PSP GC Wii GBA DS PC 
Strategy 17 11 27 0 15 10 0 21 20 214 
                                 Driving 76 16 89 6 34 22 6 31 20 49 
Shooter 99 22 92 1 12 32 5 20 9 136 
Sports 92 37 120 12 44 39 7 32 19 50 
Action 114 43 170 9 40 66 16 94 50 102 
 

The final examination conducted at this section involves genres and release dates.  As 

noted earlier, there is a definite seasonal pattern to the release schedules.  With that in mind, 

there were two specific interests going into this analysis.  First, do any of the genres exhibit 'non 

seasonal' patterns and second are any of the genres growing (or alternately in decline)?  The 

number of genres and the number of titles on each genre vary far too much to make sense on a 

single figure.  Because of that, this examination is spread out between 'small genres' (music, 

gambling and compilations), 'medium genres' (puzzles, adventure, simulation and fighting), 

'large genres' (RPG, platformer, strategy and driving) and 'very large genres'  (shooters, sports 

and action). 

Appearing in A.14, the small genres appear to follow a seasonal pattern.  With only one 

'spike' exception (A-05 for compilation), the peak for each genre tends to land around November 

each year.  All three genres experience periods of complete inaction outside of the 4th quarter 

with several months having no releases scheduled.  Compilations appear to be increasing in latter 

stages of the series, although it is unclear whether this is a general upwards trend or a one-time 

'blip' following a large peak in/around Aug05. 
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 Figure A.14 – Small Genres, Titles by Release Date 

 
 

Appearing in Figure A.15, the medium genres appear to follow a seasonal pattern with 

peaks occurring in and around the fourth quarter shopping season.  The exception to this is the 

fighting genre, specifically in 2005, which had several spikes.  It is possible that this genre 

experienced a wave of interest during this year with an abnormal number and pattern of releases. 

 Simulation and puzzle games appear to be on the rise.  Late 2006 to early 2007 bore 

witness to a substantially larger number of simulation titles than released in the same segment of 

2003 to 2004.  Conversely, adventure games appear to be in decline.  With a noted exception in 

November 2004, the last months of the segment appear to be slightly lower than the remaining 

months. 

 Figure A.15 – Medium Genres, Titles by Release Date 
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The large games again follow a seasonal pattern with November of each year 

representing a spike in releases.  However, for these genres, a second and lower peak seems to 

occur around March of each year which may reflect 'dumping' at the end of the first quarter. 

 Driving games appear to be increasing with their November peak higher each successive 

year.  RPG's, platformers and strategy in general appear to follow a relatively flat pattern, 

although two bubbles exist for RPG in/around N04 and N06, each of these would normally be 

explained by seasonal release patterns. 

 Figure A.16 – Large Genres, Titles by Release Date 

 
 

The very large genres again exhibit seasonal patterns with peaks for each genre occurring 

in/around November.  Sports exhibits a recurring secondary peak around March of each year 

which may reflect 1'st quarter dumping or alternately starting dates for seasons of different 

sports. 

 November 2005 and November 2006 had excessive spikes for Action titles, although 

otherwise the number of action titles released doesn't appear to be changing.  It is possible that 

these two spikes coincides with launch dates of different platforms (X360 in 2005 and Wii/PS3 

in 2006).  This would have increased the number of ports in each of these months as publishers 

would release for both the Xbox and X360 in 2005 and the PS2 as well as PS3 in 2006.  This will 

be verified in the examination of ports later in this preliminary analysis. 
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 I do not see anything in this stage of the analysis to suggest that any variables beyond the 

attributes and controls for release date are required.  Further, since the pattern is clearly seasonal, 

it seems prudent to evaluate variance in the dependent variable by month of release.  While it 

remains interesting to see if changes in same month release quantity can be explained by 

introduction of platforms as well as 'hot' genres, both examinations are outside the purpose of 

this dissertation(they represent population analysis, which is interesting but distinct from quality 

of product analysis). 

  Figure A.17 – Very Large Genres, Titles by Release Date 

 
 
 
 
Titles by Other Attributes 

This section examines distribution of titles across the remaining categories tracked.  This 

includes playstyle, 3rd party, branded, networked, and ESRB ranking. 

Depicted in Table A.6, playstyle concerns whether the game was built for a single player 

or multiple players.  The majority of the titles in this data set (roughly 60%) are designed for 

multiplayer gaming. 

 Table A.6 – Titles by Playstyle 

Playstyle Frequency Percent 
Single 1503 39.78295 
Multiplayer 2275 60.21705 
Total 3778 100 
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Depicted in Table A.7, third party titles use an intellectual property not owned by the 

publisher or developer (examples include the NFL and various motion picture franchises).  Here, 

we find a relatively even balance between 3rd party licensed products (44%) and 

publisher/developer IP's (55%). 

 Table A.7 – Titles by Third-party Tie-in 

ThrdParty Frequency Percent 
No 2099 55.5585 
Yes 1679 44.4415 
Total 3778 100 

 

Depicted in A.8, branding represents intellectual properties that either the publisher or 

developer have previously used.  While the most common example of this is a direct sequel 

(such as Warcraft 2 and Warcraft 3 by Blizzard), this also includes situations where a 

publisher/developer takes a recognized branded product in a new direction (as Blizzard did with 

the introduction of their World of Warcraft product).  Branded products are more common in this 

industry (approaching 60%) of the titles. 

 Table A.8 – Titles by IP Branding 

Branded Frequency Percent 
No 1568 41.50344 
Yes 2210 58.49656 
Total 3778 100 

 

Depicted in A.9, networked titles allow multiple hardware units to interact.  This includes 

gameplay over the Internet as well as other network configurations such as local area network 

(LAN) and direct linking two platforms.  This is distinct from multiplayer as a game can be 

multiplayer without being networked (many consoles permit several players simultaneously and 

some PC games use 'hot seat' configurations where players take turns sitting at the computer).  
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For reference, most games are not networked at this time (roughly 58% of the data set) even 

though nearly the same number of titles offer multiplayer.  Networking is, typically, a subset of 

multiplayer.  Not all multiplayer games are networked, but all networked games are multiplayer. 

 Table A.9 – Titles by Networked Status 

Networked Frequency Percent 
No 2182 57.75543 
Yes 1596 42.24457 
Total 3778 100 

 
Depicted in A.10, the ratings here reflect the ESRB rating for the software title.  ESRB 

uses four conventions, E for Everyone, E10 for those 10 and older, T for teenage and M for 

mature (typically 17+).  In general, E is the most common rating (42% of the data set) with T 

representing the next largest block (33%).  I suspect that there is an interaction between ratings 

and platforms and that specific identifiable patterns exist in the types of titles released on each 

platform. 

 Table A.10 – Titles by ESRB Rating 

ESRB Frequency Percent 
E 1600 42.35045 
E10 356 9.422975 
M 577 15.27263 
T 1245 32.95394 
Total 3778 100 

 
This is reinforced by cross-tab findings of Platforms x ESRB appearing in A.11.  The 

various Nintendo platforms (DS, Wii, GBA and GC) have a substantial number of E titles and 

relatively few M titles.  By comparison, PC, Sony platforms (PS2, PS3 and PSP) and Microsoft 

platforms have a relatively robust M library, while T generally represents their primary issues.   
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 Table A.11 – Titles by ESRB Rating and Platform 

  Ratings 
Platform E E10 M T Total 
DS 185 50 2 31 268 
GBA 331 40 5 47 423 
GC 131 28 23 98 280 
PC 290 50 190 400 930 
PS2 262 77 152 308 799 
PS3 11 4 6 15 36 
PSP 96 43 28 85 252 
Wii 31 9 4 14 58 
X360 95 16 30 51 192 
Xbox 168 39 137 196 540 
Total 1600 356 577 1245 3778 

 
My primary conclusion from this section is that further analysis of the distribution of the 

dependent variable along each of these categories is warranted.  There exists both extensive 

clustering within the levels of each category.  Further, the placement of a title within a specific 

level of each category is a strategic decision of the publisher and developer.  It bears examination 

if patterns in these decisions shape the distribution of the dependent variable in ways beyond that 

called for by my hypotheses and the initial projected controls. 

 

ANOVA Designs for Dependent Variable 

In this section I investigate potential sources of systematic variance in the dependent 

variable across various attributes.  Potential areas of concern were identified during initial 

examination of the distribution of titles in the data set.  Should systematic variance be present for 

these areas, it will be necessary to add controls to analytic models for these sources of variance.  

The following areas are investigated platform, release month, genre, playstyle, 3rd party tie-in, 

branded, networked gameplay, ESRB, and large publishers.  In addition to potential systematic 

sources of variance, several areas were expected a priori to represent necessary controls.  Similar 
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analysis is conducted for these areas.  A priori categories investigated in this section include the 

launch window (potentially disruptive technologies) for new console systems. 

 

Dependent Variable by Platform 

ANOVA designs for the fixed factor, platform were conducted in SPSS.  Levene’s test 

statistic indicates that homogeneity of variance assumptions are violated (F=4.766, p<.001).  

Because of this, post-hoc analysis uses the Gamess-Howell technique recommended for such 

situations HAIR.  The ANOVA design finds systemic variance by platform (F=10.267, p<.001). 

 Table A.12 – ANOVA by Platform 

Source Type III Sum of 
Squares 

df Mean Square F Sig. 

Corrected Model 1.798392 9 0.199821 10.26684 1.46E‐15 
Intercept 464.9955 1 464.9955 23891.51 0 
Platform 1.798392 9 0.199821 10.26684 1.46E‐15 
Error 34.13773 1754 0.019463   
Total 801.4359 1764    
Corrected Total 35.93613 1763    
A) Levine’s Test, F‐statistic =4.766 (df = 9, 1754), p <.001 

  
Post-hoc analysis results suggest that the lower scoring platforms are the GBA, DS and 

Wii.(see yellow highlights below).   Gamess-Howell results also suggest that the higher scoring 

platforms are the PSP, X360 and PS3. 

 Table A.13 – Post-hoc Analysis by Platform 

Platform Mean Std. Error 
PS3 0.728417 0.023252 
X360 0.7076 0.010121 
PSP 0.676284 0.00984 
PC 0.671523 0.006898 
GC 0.665757 0.016675 
Xbox 0.658448 0.011666 

(table continues) 
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Table A.13 (continued). 
 

Platform Mean Std. Error 
PS2 0.653868 0.008001 
Wii 0.640828 0.018318 
DS 0.61611 0.00965 
GBA 0.592479 0.011626 

 

These results indicate potential need to control for high-score platforms (PS3, X360 and 

PSP) as well as low-scoring platforms (Wii, DS, GBA). 

 

Dependent Variable by Month 

Seasonality was observed in the proportion of titles released each month.  Additionally, a 

priori expectations suggested a potential need to control for months with high and low volumes.  

This analysis examines whether systematic variance occurs for score across the months titles are 

released. 

 Table A.14 – Anova by Release Date 

Source Type III Sum of 
Squares 

df Mean 
Square 

F Sig. 

Corrected 
Model 

0.551509 11 0.050137 2.482442 0.004338 

Intercept 539.9238 1 539.9238 26733.27 0 
Mnth_Abbrev 0.551509 11 0.050137 2.482442 0.004338 
Error 35.38462 1752 0.020197   
Total 801.4359 1764    
Corrected Total 35.93613 1763    
A) Levine’s Test, F‐statistic =2.474 (df = 11, 1752), p <.004 

 
Systematic variance is again observed with the Levine’s test once again showing 

violation of homogeneity of variance assumptions.  Once again, the Gamess-Howell post-hoc 

comparisons are utilized.  Here, the results are puzzling.  While the ANOVA design finds 

systematic differences, no clear pattern emerges in post-hoc.  May is significantly lower than 
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February (difference = -.05215, p = .02428) as well as being lower than March (difference = -

.05522, p = .002818).  While a sort of the means, by group indicates the summer months (aside 

from January) are notably lower than other months, these differences are generally not 

significant in post-hoc analysis. 

 Table A.15 – Post-hoc Analysis by Release Date 

Mnth_Abbrev Mean Std. Deviation N 
March 0.686051 0.127582 215 
February 0.682987 0.133788 156 
September 0.669548 0.131349 124 
April 0.666567 0.134833 127 
October 0.664333 0.145977 198 
August 0.663557 0.126454 70 
December 0.659667 0.153289 99 
November 0.646249 0.149869 429 
June 0.644471 0.173546 70 
July 0.640477 0.17781 44 
January 0.632584 0.143672 77 
May 0.630832 0.12717 155 

 
Another factor may explain this variance.  In general, summer releases involve 3rd party 

tie-in titles, generally released in conjunction with summer movies.  It is, therefore, possible that 

the appropriate control will manifest along 3rd party tie-in lines and not by month.  As such, I 

conclude that no specific control for month release is necessary in this sample. 

 

Dependent Variable by Genre 

In this section, I compare the distribution of the dependent variable.  Specific clusters of 

genre releases were observed in title distribution examination and it is possible that some of 

these genres score higher than others. 
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 Table A.16 – Anova by Genre 

Source Type III Sum of 
Squares 

df Mean 
Square 

F Sig. 

Corrected 
Model 

1.69948 13 0.130729 6.6822 1.23E‐12 

Intercept 424.4625 1 424.4625 21696.33 0 
Genre 1.69948 13 0.130729 6.6822 1.23E‐12 
Error 34.23665 1750 0.019564   
Total 801.4359 1764    
Corrected Total 35.93613 1763    
A) Levine’s Test, F‐statistic =3.762 (df = 13, 1750), p <.001 

 
Once again, the Levine’s test indicates homogeneity of error variance is violated, so the 

Gamess-Howell post-hoc procedure is used for pairwise comparison.  Two genres specifically 

stand out as significant.  The music (mean = .775) and RPG (mean = .72) are substantially higher 

than other genres.  Gamess-Howell identifies these genres as significantly higher than all but 

their closest counterparts, compilation (mean = .691) and puzzle (mean = .681).  Compilation 

and Puzzle, however, are not substantially larger than any other genre.  The conclusion from this 

section is that a specific control is needed for the high-scoring genres RPG and Music. 

 Table A.17 – Post-hoc Analysis by Genre 

Genre Mean Std. Deviation N 
Music 0.774571 0.086784 21 
RPG 0.7204 0.115514 150 
Compilation 0.690514 0.130061 37 
Puzzle 0.680882 0.134296 93 
Sports 0.678909 0.15497 209 
Strategy 0.675565 0.12694 147 
Action 0.65219 0.135166 373 
Simulation 0.64802 0.144784 101 
Shooter 0.647364 0.167276 143 
Gambling 0.6362 0.096138 25 
Driving 0.634468 0.15551 171 
Platformer 0.625 0.122341 139 
Fighting 0.61616 0.134408 94 
Adventure 0.609213 0.160065 61 
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Dependent Variable by Playstyle 

Here we again find systematic variance between the single player and multiplayer games 

(F=10.97, p = .009).  Levine’s test is not violated for this attribute.  Multiplayer games (mean = 

.668) score noticeably higher than do single-player games (mean = .645) suggesting the need for 

a control along this attribute. 

 Table A.18 – Anova by Playstyle 

Source Type III Sum of 
Squares 

df Mean 
Square 

F Sig. 

Corrected 
Model 

0.22234 1 0.22234 10.96954 0.000945 

Intercept 725.693 1 725.693 35803.29 0 
Playstyle 0.22234 1 0.22234 10.96954 0.000945 
Error 35.71378 1762 0.020269   
Total 801.4359 1764    
Corrected Total 35.93613 1763    
A) Levine’s Test, F‐statistic =3.198 (df = 1, 1762), p =.074 

 
 Table A.19 – Means by Playstyle 

Playstyle Mean Std. Deviation N 
Single 0.64483 0.14821 695 
Multiplayer 0.667806 0.138441 1069 
Total 0.658754 0.142771 1764 

 
 
 

Dependent Variable by 3rd Party Tie-in 

Once again, we find significant differences between levels of this attribute (F=35.672, 

p<.001).  Levine’s test indicates equality of variance assumptions are met.  Third-party tie-in 

titles (mean = .637) score significantly lower than internally developed intellectual properties 

(mean = .677).  This suggests the need to include a control for this attribute and likely explains 

the lower tier months in the dependent variable by month release analysis. 



   

320 

 Table A.20 – Anova by Third-party Tie-in 

Source Type III Sum of 
Squares 

df Mean 
Square 

F Sig. 

Corrected 
Model 

0.712807 1 0.712807 35.65721 2.84E‐09 

Intercept 754.7772 1 754.7772 37756.73 0 
ThirdParty 0.712807 1 0.712807 35.65721 2.84E‐09 
Error 35.22332 1762 0.019991   
Total 801.4359 1764    
Corrected Total 35.93613 1763    
A) Levine’s Test, F‐statistic =.12 (df = 1, 1762), p =.729 

 
 

 Table A.21 – Means by Third-party Tie-in 

ThirdParty Mean Std. Deviation N 
No 0.677087 0.142631 963 
Yes 0.636713 0.139878 801 
Total 0.658754 0.142771 1764 

 
 

 
Dependent Variable by Branded 

Here we again find a significant difference across the levels of this attribute (F=106.896, 

p <.001).  Levene’s test indicates homogeneity of variance assumptions are not violated.  Sequels 

(mean = .688) score significantly higher than do original IP’s (mean = .62).  This may reflect 

either a tendency to expect/anticipate the sequel.  Alternately, this may reflect a survival bias 

where IP's going on to sequel represent the 'cream of the crop' of new IP's.  At any rate, a control 

for this attribute is likely necessary. 
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 Table A.22 – Anova by Branded Status 

Source Type III Sum of 
Squares 

df Mean Square F Sig. 

Corrected Model 2.05546 1 2.05546 106.8964 2.3E‐24 
Intercept 740.3506 1 740.3506 38502.72 0 
Branded 2.05546 1 2.05546 106.8964 2.3E‐24 
Error 33.88067 1762 0.019229   
Total 801.4359 1764    
Corrected Total 35.93613 1763    
A) Levine’s Test, F‐statistic =3.087 (df = 1, 1762), p =.079 

 
 Table A.23 – Means by Branded Status 

Branded Mean Std. Deviation N 
No 0.619565 0.143681 761 
Yes 0.688488 0.13474 1003 
Total 0.658754 0.142771 1764 

 
 
Dependent Variable by Networked  

Here we again find systematic variance for the networked game attribute F=44.044, p 

<.001).  Games which have some form of networking component allowing people to play 

together across multiple hardware connections (mean = .684) outscore those games which are 

only accessed through a single platform (mean = .639).  Again, it is likely a control is necessary 

for this attribute. 

 Table A.24 – Anova by Networked Status 

Source Type III Sum of 
Squares 

df Mean Square F Sig. 

Corrected 
Model 

0.876378 1 0.876378 44.04418 4.26E‐11 

Intercept 761.5061 1 761.5061 38271.06 0 
Networked 0.876378 1 0.876378 44.04418 4.26E‐11 
Error 35.05975 1762 0.019898   
Total 801.4359 1764    
Corrected Total 35.93613 1763    
      A) Levine’s Test, F‐statistic =4.315 (df = 1, 1762), p =.038 
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 Table A.25 – Means by Networked Status 

Networked Mean Std. 
Deviation 

N 

No 0.638864 0.145043 982 
Yes 0.683731 0.13589 782 
Total 0.658754 0.142771 1764 

 
 
 
Dependent Variable by ESRB Rating 

Are games designed for younger/older players better/worse than their alternates?  When a 

title is developed, the target demographic is chosen although the final ESRB rating is designated 

by an industry sanctioned third party.  Here again, there are notable differences in scores 

(F=6.142, p<.001).  Levene’s test statistic is significant indicating violations of homogeneity of 

variance assumptions are present.  As such, the Gamess-Howell post-hoc technique is used for 

pairwise comparisons.  Post-hoc determination finds that mature titles (ESRB = M) and teen 

titles (ESRB = T) outscore the other two categories.  This suggests the need for creation of a 

control variable for these high-scoring ESRB segments. 

 Table A.26 – Anova by ESRB Rating 

Source Type III Sum of 
Squares 

df Mean 
Square 

F Sig. 

Corrected 
Model 

0.372303 3 0.124101 6.141565 0.000375 

Intercept 616.4104 1 616.4104 30505.22 0 
ESRB 0.372303 3 0.124101 6.141565 0.000375 
Error 35.56382 1760 0.020207   
Total 801.4359 1764    
Corrected Total 35.93613 1763    
A) Levine’s Test, F‐statistic =3.654 (df = 3, 1760), p =.012 
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 Table A.27 – Post-hoc Analysis by ESRB Rating 

Descriptive Statistics       
Dependent Variable: 
Score 

      

ESRB Mean Std. 
Deviation 

N 

M 0.680942 0.162403 223 
T 0.67311 0.136616 525 
E10 0.648004 0.133598 275 
E 0.645895 0.142555 741 

 
 
 
Dependent Variable by Large Publishers 

Early analysis of the data set indicated that certain developers contributed substantially to 

the data set.  While no developer contributed more than .75% of the data, various publishers 

contributed in excess of 2% (each) of the data set.  As such, a control variable was added for 

each of these publishers as well as a single "large publisher" control.  The following is an 

examination of  whether systemic variation occurs for these large publishers.  Large publishers 

do vary systematically from smaller publishers (F=26.743, p<.001).  The Levene’s test-statistic 

is significant suggesting that homogeneity of variance assumptions are violated.  

 Table A.28 – Anova by Large Publishers 

Source Type III Sum of 
Squares 

df Mean 
Square 

F Sig. 

Corrected 
Model 

0.537277 1 0.537277498 26.74333 2.59E‐07 

Intercept 759.846 1 759.8459644 37821.81 0 
CN_Large 0.537277 1 0.537277498 26.74333 2.59E‐07 
Error 35.39885 1762 0.020090152   
Total 801.4359 1764    
Corrected Total 35.93613 1763    

A) Levine’s Test, F‐statistic =13.023 (df = 3, 1762), p <.001 
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 Table A.29 – Means by Large Publisher 

CN_Large Mean Std. Deviation N 
0 0.640156 0.150335 826 
1 0.675131 0.133716 938 
Total 0.658754 0.142771 1764 

 

Separate ANOVA designs were run for each of the large publishers to see if the effects 

were limited to specific houses.  Not surprisingly, only some houses exhibit significantly 

different means.  Surprisingly though, not all of these large houses exhibit a positive bias. 

 Several company's do exhibit the positive bias suggested by the Large Publisher 

comparison.  Capcom (mean = .722), Electronic Arts (mean = .706), EA Sports (mean = .752), 

Nintendo (mean = .766), and Sony (mean = .755) all exhibit higher means than the general 

population (mean= .659).  The Nintendo finding is particularly interesting given that Nintendo 

publishes primarily on their own proprietary platforms - Gameboy Advanced (GBA), Gamecube 

(GC), Wii, and Dual Screen.  In the previous analysis of score by platform, several of the 

Nintendo hardware platforms were among the lowest scoring platforms. 

 Another surprise in this examination is that not all large publishers experience a positive 

bias.  Midway  (mean = .615) actually underperforms the general population (mean = .659).   

Atari, Namco and Vivendi also underperform the general population, although their models did 

not reach significance.  It is my conclusion from this analysis that the systematic bias caused by 

these large publishers needs to be controlled.  As such, single controls will be added for each of 

the entities exhibiting significance. 
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Table A.30 – Post-hoc Analysis by Large Publisher 

 Mean Base Sig. N 
Nintendo 0.766109 0.655299 1.27647E‐08 55 
Sony 0.755158 0.656632 2.47759E‐05 38 
EA Sports 0.751678 0.655538 3.36529E‐07 59 
Capcom 0.721629 0.657481 0.00846145 35 
EA 0.706408 0.656755 0.004065735 71 
Sega 0.692291 0.657675 0.076741701 55 
EA Games 0.671686 0.658492 0.588473692 35 
Eidos 0.66264 0.658641 0.845259786 50 
Konami 0.6557 0.658899 0.844818527 80 
THQ 0.655356 0.65893 0.819986877 87 
Ubisoft 0.652278 0.659176 0.626725399 108 
Activision 0.648657 0.659393 0.455068655 105 
Namco 0.634923 0.65911 0.391345051 26 
Atari 0.632813 0.65948 0.201923093 48 
Vivendi 0.619026 0.659652 0.078861551 39 
Midway 0.615128 0.659948 0.033686215 47 

 
 
 

Dependent Variable by Launch Window 

The analysis set covers the launch window of three "next generation" hardware platforms 

- the Xbox 360 (Nov, 2005) and the PS3 and Wii (Nov, 2006).  In general, hardware 

manufacturers work closely with publishers and developers to stock their launch window with 

desirable titles.  This serves to both push the sales of the platform initially to thereby generate an 

attractive customer base to attract future titles (VENK).  The first three months is being 

examined to see what, if any, impact launch windows have on the titles released. 

 On one hand, manufacturer involvement early with select publishers may potentially 

improve the overall quality of launch titles.  On the other hand, new platforms often represent 

changes in hardware and development software standards which themselves erode the 

capabilities publishers and developers accumulated in their experience with earlier hardware 

generations.  In a priori write-up, this period of time was referred to as a potential disruptive 
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technology.  This investigation will uncover what, if any, disruptive effects are present.  As 

expected, the launch window titles differ from normal release titles (F=8.504, p=004).  However, 

surprisingly, the launch titles (mean = .703) actually score higher than normal releases (mean = 

.657).  This suggests that hardware manufacturer involvement in early development may be 

overriding disruptive technology effects for one, or more, of these platform introductions. 

 Table A.31 – Anova by Disruptive Technology 

Source Type III Sum of 
Squares 

df Mean Square F Sig. 

Corrected 
Model 

0.172606 1 0.172606 8.503946 0.003589 

Intercept 149.4745 1 149.4745 7364.322 0 
Disruptive 0.172606 1 0.172606 8.503946 0.003589 
Error 35.76352 1762 0.020297   
Total 801.4359 1764    
Corrected Total 35.93613 1763    
A) Levine’s Test, F‐statistic =2.18 (df = 1, 1762), p=.14 

 
 Table A.32 – Means by Disruptive Technology 

Disruptive Mean Std. Deviation N 
Normal 
Release 

0.656528 0.143274 1679 

Launch Title 0.702718 0.125281 85 
Total 0.658754 0.142771 1764 

 
Launch window titles do differ systematically from general release titles.  Interestingly 

though, they appear to be of higher quality than other titles.  An examination of the specific 

release titles for each new console notes some slight divergence.  Interestingly, significant 

differences emerge for the X360 (F=13.305, p<.001) launch window, but not for the PS3 

(F=2.697, p = .100) or Wii (F=.045, p = .832).  It appears that Microsoft managed their launch 

window more aggressively than did Sony or Nintendo. 
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 Table A.33 – Anova by Launch Window 

Source Type III Sum of 
Squares 

df Mean 
Square 

F Sig. 

Corrected Model 0.322191 3 0.107397 5.307429 0.001214 
Intercept 38.52117 1 38.52117 1903.672 1.7E‐282 
Launch360 0.269227 1 0.269227 13.30488 0.000272 
LaunchPS3 0.054581 1 0.054581 2.69734 0.100694 
LaunchWii 0.000906 1 0.000906 0.044784 0.832426 
Launch360 * LaunchPS3 0 0 . . . 
Launch360 * LaunchWii 0 0 . . . 
LaunchPS3 * LaunchWii 0 0 . . . 
Launch360 * LaunchPS3 * 
LaunchWii 

0 0 . . . 

Error 35.61393 1760 0.020235   
Total 801.4359 1764    
Corrected Total 35.93613 1763    
A) Levine’s Test, F‐statistic =3.13 (df = 3, 1760), p=.025 
 
 Table A.34 – Means by Launch Window 

  X360 PS3 Wii 
Mean 0.745143 0.711889 0.651156 
Base 0.656528 0.656528 0.656528 
s.d. 0.084894 0.140011 0.138021 
Significance 0.000272 0.100694 0.832426 
N 35 18 32 

 
The X360 launch titles (mean = .745) substantially outperform the normal title (mean = 

.657).  The PS3 (mean = .712) also seems to diverge substantially from the population mean, 

although this difference does not reach significance (note though the small number of PS3 launch 

titles).  The Wii (mean = .651), alternately does not differ substantially from the population mean 

(.657). 

 It is interesting to note that, of the three new hardware platforms, the most 'disruptive' of 

the group is the Nintendo Wii.  While both the PS3 and X360 advanced incrementally - with 

primary emphasis on graphic and processing power improvements, Nintendo emphasized motion 

sensitive controllers for the Wii and a 'different' type of play experience.  It is quite possible that, 
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despite Nintendo's efforts to stack the deck with attractive launch titles, the novelty of 

developing for the Wii 'pulled' their launch library down to the population mean.   The 

suggestion of this analysis is to provide a control variable for the PS3 and X360 launch windows. 

 

Correlation Analysis 

Control Correlations 

This analysis examines the correlation between the potential control variables and the 

dependent variable.  Most of these controls were established in the preliminary analysis while 

some represent controls suggested in the proposal stage.  Because all of the control variables are 

dichotomous, the correlation's analysis is conducted using Spearman's Rho rather than Pearson 

correlation. 

 As anticipated, nearly all controls manifest significant correlation to the dependent 

variable.  The lone exception is the PubNew control which appears unimportant.  As such, all 

controls are potentially useful and important for subsequent analysis. 

The second intent of this examination is to look for correlations between controls.  In 

particular, rather strong correlation suggests that the multicollinearity between these controls 

may create confusion in subsequent analysis.  The most pronounced problem comes with the 

correlation between Networked and Playstyle (r =.69).  Multi-hardware games are always 

multiplayer (although the opposite is not always true).  As such, inclusion of both controls may 

be unnecessary as the playstyle control alone should capture necessary variation. 

 There are three potentially problematic correlation problems involving the Plat_Low 

measure.  These include correlations with Plat_High (-.31), ESRB_High (-.33) and 

CN_Nintendo (-.28).  Given that Nintendo  publishes entirely on its own platforms and that these 



   

329 

platforms are the lowest average platforms, the latter correlation is not surprising.   However, 

while three of the Nintendo platforms are the lowest scoring platforms, Nintendo as a publisher 

generates some of the highest scores.  Both controls should be included.
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 Table A.35 – Correlation Analysis, Potential Control Measures 

    1 2 3 4 5 6 7 8 9 10 11 12 13 14 15 16 17 18 
1 Score                                     

   Sig.                                     
2 Playstyle 0.082                                   

    0.001                                   
3 ThirdParty ‐0.155 0.053                                 

    0.000 0.026                                 
4 Branded 0.248 0.162 0.026                               

    0.000 0.000 0.277                               
5 Networked 0.166 0.686 0.015 0.150                             

    0.000 0.000 0.524 0.000                             
6 SameEnt 0.069 0.009 ‐0.074 0.066 0.027                           

    0.004 0.692 0.002 0.006 0.256                           
7 Plat_Low ‐0.176 ‐0.064 0.085 ‐0.063 ‐0.017 ‐0.015                         

    0.000 0.007 0.000 0.008 0.473 0.536                         
8 Plat_High 0.129 0.184 ‐0.066 0.016 0.287 0.079 ‐0.312                       

    0.000 0.000 0.005 0.502 0.000 0.001 0.000                       
9 Genre_High 0.158 ‐0.044 ‐0.169 0.066 ‐0.016 0.076 ‐0.010 ‐0.035                     

    0.000 0.067 0.000 0.005 0.506 0.001 0.690 0.147                     
10 ESRB_High 0.109 ‐0.053 ‐0.187 0.025 0.008 ‐0.053 ‐0.329 0.035 0.143                   

    0.000 0.026 0.000 0.285 0.733 0.025 0.000 0.140 0.000                   
11 CN_Capcom 0.068 0.015 ‐0.130 0.058 ‐0.004 0.106 ‐0.002 0.043 0.008 0.084                 

    0.004 0.528 0.000 0.014 0.866 0.000 0.948 0.073 0.733 0.000                 
12 CN_EA 0.081 0.006 0.016 0.114 0.009 ‐0.083 ‐0.045 ‐0.008 ‐0.057 0.046 ‐0.029               

    0.001 0.803 0.506 0.000 0.700 0.001 0.060 0.727 0.016 0.053 0.222               
13 CN_EAS 0.131 0.144 0.204 0.155 0.177 0.016 ‐0.065 0.064 ‐0.061 ‐0.128 ‐0.026 ‐0.038             

    0.000 0.000 0.000 0.000 0.000 0.512 0.006 0.007 0.010 0.000 0.267 0.110             
14 CN_Mid ‐0.068 0.047 ‐0.010 ‐0.005 0.030 0.034 ‐0.033 0.013 ‐0.042 ‐0.007 ‐0.023 ‐0.034 ‐0.031           

    0.004 0.048 0.687 0.827 0.211 0.148 0.167 0.584 0.075 0.783 0.324 0.155 0.197           
15 CN_Nintendo 0.144 ‐0.022 ‐0.124 0.057 ‐0.022 0.021 0.279 ‐0.101 0.106 ‐0.114 ‐0.025 ‐0.037 ‐0.033 ‐0.030         

    0.000 0.355 0.000 0.016 0.357 0.369 0.000 0.000 0.000 0.000 0.284 0.123 0.162 0.213         
16 CN_Sony 0.108 0.040 0.006 0.042 0.072 0.007 ‐0.082 0.125 0.017 ‐0.025 ‐0.021 ‐0.030 ‐0.028 ‐0.025 ‐0.027       

    0.000 0.094 0.810 0.075 0.002 0.753 0.001 0.000 0.472 0.303 0.376 0.203 0.247 0.303 0.264       
17 CN_Disrupt 0.101 0.074 ‐0.054 0.046 0.090 0.082 ‐0.097 0.311 ‐0.035 ‐0.010 ‐0.025 ‐0.019 0.097 0.053 ‐0.032 0.043     

    0.000 0.002 0.024 0.054 0.000 0.001 0.000 0.000 0.137 0.679 0.294 0.423 0.000 0.025 0.185 0.074     
18 PubNew ‐0.031 ‐0.040 ‐0.081 ‐0.114 ‐0.054 0.107 ‐0.097 0.017 ‐0.023 ‐0.035 ‐0.030 ‐0.043 ‐0.039 ‐0.035 ‐0.038 ‐0.031 0.094   

    0.193 0.092 0.001 0.000 0.023 0.000 0.000 0.486 0.343 0.140 0.205 0.068 0.098 0.141 0.110 0.187 0.000   
19 DevNew ‐0.108 ‐0.106 ‐0.177 ‐0.236 ‐0.061 ‐0.102 ‐0.053 ‐0.074 0.031 ‐0.011 ‐0.052 ‐0.083 ‐0.095 ‐0.050 0.005 0.001 ‐0.032 0.216 

    0.000 0.000 0.000 0.000 0.011 0.000 0.025 0.002 0.200 0.659 0.027 0.000 0.000 0.037 0.829 0.951 0.174 0.00 
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The Plat_High and Plat_Low correlation (r =.287) is also unsurprising considering their 

relationship.  If a title is released one one of the Plat_High platforms it cannot have been released 

on one of the Plat_Low platforms (and vice versa).  It may be worthwhile to treat this as a single 

dummy variable taking on values of -1 for Plat_Low, 0 for neither and 1 for Plat_High. 

 The Plat_Low to ESRB_High correlation (r =-.329) suggests that music and rpg titles are 

less likely to come out on one of the three Plat_low platforms.   

 CN_Disrupt has a strong correlation to Plat_High (r =.311) which is not surprising 

either.  CN_Disrupt is capturing launch windows for the X360 and PS3 based on preliminary 

analysis.  While the X360 has releases in all nineteen periods (with the first three making 

contributing to CN_Disrupt), the PS3 only has releases in the last seven periods (of which three 

would be part of CN_Disrupt).  It is possible that these controls may not need to be included 

simultaneously in subsequent analysis. 

 

Access Correlations 

This section contains preliminary examination of the correlations between the various 

measures of access and the dependent variable.  Access was measured for two targets - the 

publisher and developer.  Measures in both scale and individual measure format are provided 

with descriptions appearing in Table A.36.  These measures form the basis for testing Hypothesis 

1 which expects a positive relationship between the dependent variable and access.  Further, 

H1A suggests that the positive relationship between access and quality increases as complexity 

increases.  Moderating measures were computed by mean centering the respective measure and 

then multiplying by relative complexity. 
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 Table A.36 – Access Measures 

Measure Construct Meaning 
Score DV Composite score of professional reviewers 
PA_Degree Publisher Degree centrality, count measure of all ties. 
PA_Close Publisher Closeness centrality, reach to all other actors. 
PA_Betwn Publisher Betweenness centrality, number of geodesics which must 

path through this actor. 
PA_Eigen Publisher Eigenvector centrality, centrality weighted for prominence 

to other central actors. 
PAM_Degree Publisher Moderator 
PAM_Close Publisher Moderator 
PAM_Between Publisher Moderator 
PAM_Eigen Publisher Moderator 
DA_Degree Developer Degree centrality, count measure of all ties. 
DA_Close Developer Closeness centrality, reach to all other actors. 
DA_Betwn Developer Betweenness centrality, number of geodesics which must 

path through this actor. 
DA_Eigen Developer Eigenvector centrality, centrality weighted for prominence 

to other central actors. 
DAM_Degree Developer Moderator 
DAM_Close Developer Moderator 
DAM_Between Developer Moderator 
DAM_Eigen Developer Moderator 

 
At first glance, the correlations for access are discouraging.  None of the publisher 

measures correlate with the dependent variable.  For developers, only closeness (r =.067) and 

betweenness (r =-.052) show a significant correlation with the dependent variable, and both are 

relatively weak correlations.  Interestingly, the developer moderated relationship between 

closeness and complexity (r =.092) is positively correlated with the DV and has a stronger 

correlation than the base closeness-DV correlation.  This provides at least some support for H1, 

and further suggests that only the closeness/betweeness measures are necessary in hypothesis 

testing. 

 For publishers, within target correlations are quite high with most of the publisher 

measures highly positively correlated.  While this may not be a substantial problem in MLE 
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regression (which is fairly robust to internal correlation CITE), it further emphasizes the need to 

remove unnecessary measures from the model.  Similar results manifest with the developer 

targeted access measures. 

 Table A.37 – Access Measure Correlations, Publishers 

    1 2 3 4 5 6 7 8 
1 Score                 
2 PA_Degree 0.035               

    0.143               
3 PA_Close 0.006 0.560             

    0.787 0.000             
4 PA_Betwn 0.016 0.959 0.505           

    0.501 0.000 0.000           
5 PA_Eigen 0.018 0.921 0.552 0.893         

    0.460 0.000 0.000 0.000         
6 PAM_Degree 0.041 0.793 0.554 0.740 0.719       

    0.087 0.000 0.000 0.000 0.000       
7 PAM_Close 0.022 0.421 0.866 0.354 0.401 0.601     

    0.361 0.000 0.000 0.000 0.000 0.000     
8 PAM_Between 0.031 0.776 0.488 0.782 0.714 0.964 0.513   

    0.197 0.000 0.000 0.000 0.000 0.000 0.000   
9 PAM_Eigen 0.033 0.748 0.548 0.708 0.793 0.929 0.583 0.912 

    0.165 0.000 0.000 0.000 0.000 0.000 0.000 0.000 

 
 Table A.38 – Access Measure Correlations, Developers 

    1 2 3 4 5 6 7 8 
1 Score                 
2 DA_Degree -0.011               
    0.657               
3 DA_Close 0.067 0.541             
    0.005 0.000             
4 DA_Betwn -0.052 0.911 0.335           
    0.028 0.000 0.000           
5 DA_Eigen -0.020 0.891 0.580 0.786         
    0.406 0.000 0.000 0.000         
6 DAM_Degree 0.028 0.823 0.819 0.682 0.765       
    0.241 0.000 0.000 0.000 0.000       
7 DAM_Close 0.092 0.481 0.977 0.266 0.500 0.809     
    0.000 0.000 0.000 0.000 0.000 0.000     
8 DAM_Between -0.020 0.828 0.559 0.837 0.737 0.903 0.529   
    0.394 0.000 0.000 0.000 0.000 0.000 0.000   
9 DAM_Eigen 0.032 0.763 0.851 0.606 0.821 0.958 0.834 0.827 
    0.178 0.000 0.000 0.000 0.000 0.000 0.000 0.00 

 
 
 

Constraint Correlations 

This examination is the various constraint measures and the dependent variable score, 

which represent the measures necessary to test Hypothesis two.  H2 expects a relationship 

moderated by relative complexity such that the function of constraint at low complexity is 
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positive, while the function becomes negative in low complexity settings.  This correlation 

analysis will look at the overall relationship between constraint as well as the subset correlations 

using the cluster-analysis determined high/low complexity sets.  All measures examined in this 

section are depicted and explained in Table A.39. 

 Table A.39 – Constraint Measures 

Measure Construct Meaning 
Score DV Composite measure of professional reviewer scores 
DC_Dens Developer Ego network density, the proportion of ego network others who 

are themselves inter‐linked. 
DC_Eff Developer Effeciency, one of Ron Burt's structural hole calculations.  Similar 

to ego network density. 
DC_Constr Developer Ron Burt's structural hole measure. 
DC_Hierarc Developer Hierarchy.  An alternate measure Burt provides for structural 

holes.  Adjust constraint for the proportion of ties to linked by a 
single alter. 

DCM_Dens Moderator Mean centered DC_Dens multiplied by relative complexity. 
DCM_Eff Moderator Mean centered DC_EFF multiplied by relative complexity. 
DCM_Constr Moderator Mean centered DC_Constr multiplied by relative complexity. 
DCM_Hierarc Moderator Mean centered DC_Hierarchy multiplied by relative complexity. 
PC_Dens Publisher Ego network density, the proportion of ego network others who 

are themselves inter‐linked. 
PC_Eff Publisher Effeciency, one of Ron Burt's structural hole calculations.  Similar 

to ego network density. 
PC_Constr Publisher Ron Burt's structural hole measure. 
PC_Hierarc Publisher Hierarchy.  An alternate measure Burt provides for structural 

holes.  Adjust constraint for the proportion of ties to linked by a 
single alter. 

PCM_Dens Moderator Mean centered PC_Dens multiplied by relative complexity. 
PCM_Eff Moderator Mean centered PC_EFF multiplied by relative complexity. 
PCM_Constr Moderator Mean centered PC_Constr multiplied by relative complexity. 
PCM_Hierarc Moderator Mean centered PC_Hierarchy multiplied by relative complexity. 

 
For publishers, the initial correlations are not promising.  The only significant constraint 

measure relation to score is with Hierarchy (r =.103).  Internal correlation problems are present 

with publisher constraint measures.  The constraint score is highly correlated with the efficiency 

score (r =.565).  The moderated density score is highly correlated with its direct measure (r 
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=.524).  The moderated efficiency score is also highly correlated with its direct measure (r 

=.679) and with the direct constraint measure (r =.402).  The moderated constraint measure is 

highly correlated with its direct measure (r =.669) and with the moderated efficiency measure (r 

=.619).  Finally, the moderated hierarchy measure is highly correlated with its direct measure (r 

=.691). 

 Table A.40 – Constraint Correlations, Publishers 

  1 2 3 4 5 6 7 8 
1 Score         

          
2 PC_Dens ‐

0.016 
       

  0.510        
3 PC_Eff ‐

0.015 
‐

0.024 
      

  0.530 0.314       
4 PC_Constraint 0.013 0.218 0.565      

  0.572 0.000 0.000      
5 PC_Hierarchy 0.103 ‐

0.078 
‐

0.119 
0.155     

  0.000 0.001 0.000 0.000     
6 PCM_Dens 0.002 0.524 ‐

0.013 
0.131 ‐

0.002 
   

  0.933 0.000 0.596 0.000 0.931    
7 PCM_Eff ‐

0.009 
‐

0.008 
0.679 0.402 ‐

0.048 
‐

0.019 
  

  0.720 0.730 0.000 0.000 0.042 0.424   
8 PCM_Constraint 0.010 0.085 0.402 0.669 0.109 0.158 0.619  

  0.662 0.000 0.000 0.000 0.000 0.000 0.000  
9 PCM_Hierarchy 0.046 ‐

0.001 
‐

0.049 
0.111 0.691 0.011 ‐

0.065 
0.163 

  0.053 0.954 0.038 0.000 0.000 0.637 0.006 0.000 
 
For developers, the correlations are more promising and also more problematic.  Only 

two of the developer constraint measures fail to reach significant correlations with score, Density 

(r =-.043) and the moderated measure of density (r =.013).  Unfortunately, internal correlation is 
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high for developer density measures.  Eighteen of the correlations between developer constraint 

measures are significant and greater than r =.45.  This suggests that, while developer constraint is 

likely related to the dependent variable, high internal correlation may manifest suppressing 

effects in MLE analysis. 

 Table A.41 – Constraint Correlations, Developers 

  1 2 3 4 5 6 7 8 
1 Score         

          
2 DC_Dens -0.043        

  0.072        
3 DC_Eff 0.059 0.043       

  0.013 0.073       
4 DC_Constr 0.106 0.157 0.567      

  0.000 0.000 0.000      
5 DC_Hierarc 0.102 -0.003 0.278 0.633     

  0.000 0.902 0.000 0.000     
6 DCM_Dens 0.013 0.735 0.247 0.374 0.253    

  0.581 0.000 0.000 0.000 0.000    
7 DCM_Eff 0.087 0.142 0.625 0.673 0.514 0.465   

  0.000 0.000 0.000 0.000 0.000 0.000   
8 DCM_Constraint 0.111 0.170 0.531 0.771 0.567 0.484 0.930  

  0.000 0.000 0.000 0.000 0.000 0.000 0.000  
9 DCM_Hierarchy 0.107 0.136 0.477 0.667 0.734 0.452 0.853 0.893 

  0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000 

 
At high levels of constraint, once again only the developer correlations reach 

significance.  For developers, the constraint (r =.121) and hierarchy (r =.138) correlations are 

significant.  Internal correlation problems continue to manifest with the publisher constraint 

measure manifesting a strong correlation to the publisher efficiency measure (r =.61).  Similarly, 

the developer measure for efficiency is significantly correlated with the developer measure for 

constraint (r =.908) and hierarchy (r =.689) and the developer constraint measure is highly 

correlated with the developer hierarchy measure (r =.721).  At high complexity, there is little 

evidence of a relationship between publisher constraint measures and score.  There is, however, 
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reason to believe a relationship exists between developer constraint measures and score.  

Unfortunately, this relationship may be confounded by strong internal correlations with the 

developer measures of constraint. 

 Table A.42 – Constraint Correlations, High Complexity 

   1 2 3 4 5 6 7 8 
1 Score                 

                    
2 PC_Dens 0.002               

    0.968               
3 PC_Eff ‐0.029 ‐0.019             

    0.536 0.677             
4 PC_Constraint 0.004 0.174 0.610           

    0.934 0.000 0.000           
5 PC_Hierarchy ‐0.015 ‐0.016 ‐0.054 0.145         

    0.753 0.729 0.243 0.002         
6 DC_Dens 0.019 ‐0.002 ‐0.012 ‐0.028 0.021       

    0.678 0.964 0.802 0.551 0.650       
7 DC_Eff 0.052 0.019 ‐0.063 ‐0.089 0.051 0.187     

    0.260 0.684 0.175 0.053 0.268 0.000     
8 DC_Constr 0.121 ‐0.006 ‐0.057 ‐0.095 0.046 0.205 0.908   

    0.009 0.904 0.218 0.041 0.325 0.000 0.000   
9 DC_Hierarc 0.138 0.005 ‐0.041 ‐0.105 0.096 0.182 0.689 0.721 

    0.003 0.918 0.373 0.023 0.039 0.000 0.000 0.000 
 
At low complexity levels, the anticipated relationship between constraint and product 

quality is positive.  Here, the results again are confusing.  Many of the constraint measures fail to 

reach significant correlations with the dependent variable.  The two that do, go in opposing 

directions.  For publishers, hierarchy has a positive and significant correlation to score (r =.122).  

For developers, ego network density has a negative and significant correlation (r =-.076).   For 

publishers, within target correlations are high for the constraint and efficiency measures (r 

=.548).  For developers, within target correlations are high for hierarchy and constraint (r =.435). 
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 Table A.43 – Constraint Correlations, Low Complexity 

   1 2 3 4 5 6 7 8 
1 Score                 

                    
2 PC_Dens ‐0.028               

    0.316               
3 PC_Eff ‐0.011 ‐0.026             

    0.697 0.350             
4 PC_Constraint 0.013 0.233 0.548           

    0.635 0.000 0.000           
5 PC_Hierarchy 0.122 ‐0.114 ‐0.149 0.156         

    0.000 0.000 0.000 0.000         
6 DC_Dens ‐0.076 ‐0.002 ‐0.026 ‐0.058 0.001       

    0.006 0.953 0.357 0.036 0.980       
7 DC_Eff 0.007 ‐0.020 0.664 0.524 ‐0.124 ‐0.053     

    0.792 0.476 0.000 0.000 0.000 0.057     
8 DC_Constr 0.040 ‐0.068 0.379 0.265 ‐0.002 0.069 0.357   

    0.150 0.014 0.000 0.000 0.935 0.012 0.000   
9 DC_Hierarc 0.038 ‐0.046 ‐0.006 ‐0.063 0.264 ‐0.137 ‐0.034 0.435 

    0.170 0.101 0.824 0.023 0.000 0.000 0.225 0.000 
  

Some correlational evidence exists supporting a relationship between constraint measures 

and the dependent variable in this study.  It appears that these relationships are most pronounced 

for developers.  Substantial within target correlations exist for constraint measures.  To an extent 

this is unsurprising for two reasons.  First, constraint measures are jointly determined.  That is to 

say that the constraint values for a given publisher (or developer) are in part determined by the 

presence (or absence) of ties to other developers (or publishers).  Second, all of the constraint 

measures are reformulations of the ego network density concept.  In particular, Burt uses the 

efficiency measure to refine ego network density, then uses constraint to control efficiency for 

network size.  Finally, hierarchy refines constraint by controlling for ego network redundancy 

largely determined by a single ego network alter BURT.  As such, these measures may generate 

problems when introduced into MLE models.  Model refinement will likely be necessary and 

suppressing effects may ultimately confound findings. 
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Firm Depth Correlations 

This analysis is Pearson correlation of the dependent measure (score) and the various 

measures used to capture aspects of depth.  These items are the single-item count measures 

discussed in the preliminary data analysis.  The specific measures discussed in this section are 

depicted in Table A.44. 

 Table A.44 – Firm Depth Measures 

  Target Meaning 
Score Dependent Composite score of professional reviewers 
DD_Plat Developer Number of projects within the past 24-months (i.e. experience 

with) developed on the same platform as the current project. 
DD_Genre Developer Experience with the same genre as the current project. 
DD_Play Developer Experience with the same playstyle (single or multiplayer) as the 

current project. 
DD_Brand Developer Experience with the same IP type (new or sequel) as the current 

project. 
DD_3P Developer Experience with the same IP origin (internally developed or 

externally licensed) as the current project. 
DD_Netwrk Developer Experience with the same network configuration (one hardware 

device or networked devices) as the current project. 
DD_ESRB Developer Experience with the same ESRB rating (targeted demographic) as 

the current project. 
PD_Plat Publisher Number of projects within the past 24-months (i.e. experience 

with) developed on the same platform as the current project. 
PD_Genre Publisher Experience with the same genre as the current project. 
PD_Play Publisher Experience with the same playstyle (single or multiplayer) as the 

current project. 
PD_Brand Publisher Experience with the same IP type (new or sequel) as the current 

project. 
PD_3P Publisher Experience with the same IP origin (internally developed or 

externally licensed) as the current project. 
PD_Netwrk Publisher Experience with the same network configuration (one hardware 

device or networked devices) as the current project. 
PD_ESRB Publisher Experience with the same ESRB rating (targeted demographic) as 

the current project. 
 
Individually, most of the publisher depth measures exhibit correlation to the dependent 

variable.  The lone exception is with PD_Netwrk (r =.0314, p=.188).  A number of the 
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correlations are fairly weak, although all correlations are significant at the .01 level and most are 

significant at the .001 level.  In terms of publisher depth, most (except for the previously noted 

PD_Netwrk) have a significant correlation to the DV.  PD_Genre (r =122), PD_Play (r =.09) and 

PD_Brand (r =.136) have the strongest correlations to the DV.  In terms of within target 

correlation, the publisher depth measures are problematic with several publisher depth measures 

having exceedingly high internal correlations.   

Table A.45 – Depth Correlations, Publishers 

   1 2 3 4 5 6 7 
1 Score               
2 PD_Plat 0.0772             
    0.0012             
3 PD_Genre 0.1221 0.2476           
    0.0000 0.0000           
4 PD_Play 0.0903 0.4422 0.6134         
    0.0001 0.0000 0.0000         
5 PD_Brand 0.1361 0.4803 0.5745 0.8526       
    0.0000 0.0000 0.0000 0.0000       
6 PD_3P 0.0627 0.4632 0.5987 0.8236 0.8050     
    0.0084 0.0000 0.0000 0.0000 0.0000     
7 PD_Netwrk 0.0314 0.5174 0.6012 0.8691 0.8170 0.8523   
    0.1880 0.0000 0.0000 0.0000 0.0000 0.0000   
8 PD_ESRB 0.0865 0.4212 0.5896 0.7136 0.7048 0.7377 0.7102 
    0.0003 0.0000 0.0000 0.0000 0.0000 0.0000 0.0000 

 
While many of these correlations are greater than .5, some of the values exceed .8.  

Playstyle experience is highly correlated with brand (r =.853), third party (r =.824) and network 

(r =.869).  Brand experience is also highly correlated with third party experience (r =.805) and 

network experience (r =.817).  Third party experience is also highly correlated with network 

experience (r =.852).  The exceptionally high correlations are interesting, specifically because 

the measures are determined from different attribute sources.  This provides some indication that 

publishers may operate in configurations where the propensity of their projects share similar 
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levels of these attributes.  While that is not a focus of this dissertation, the exceedingly high 

internal correlation is likely to confound predictors in MLE models.  It is likely, therefore, that 

model tuning processes be used during MLE regression tests. 

Four of the seven developer measures are significantly correlated with the dependent 

variable, score.  Platform (r =.0945), Genre (r =.0994), Playstyle (r =.0968) and branded (r 

=.1096) are each significantly correlated with the dependent variable.  The individual measures 

for developer depth are highly inter-correlated.  The lowest within construct correlation is a 

.5903 with several correlations well over the .85 level.  As such, it is unlikely that simultaneous 

evaluation of the depth measures for developers will prove useful.  The inter-correlation of 

values will likely lead to a significant contamination of the depth measure - most likely rendering 

a number of the developer depth measures either non-contributing, or worse, potentially 

rendering positive contributions as negative.  It will require some degree of care in using 

individual depth measures. 

 Table A.46 – Depth Correlations, Developers 

   1 2 3 4 5 6 7 
1 Score               
2 DD_Plat 0.0945             
    0.0001             
3 DD_Genre 0.0994 0.5935           
    0.0000 0.0000           
4 DD_Play 0.0968 0.6593 0.8001         
    0.0000 0.0000 0.0000         
5 DD_Brand 0.1096 0.6678 0.8266 0.9150       
    0.0000 0.0000 0.0000 0.0000       
6 DD_3P 0.0792 0.6678 0.8785 0.8407 0.8613     
    0.0009 0.0000 0.0000 0.0000 0.0000     
7 DD_Netwrk 0.0844 0.6598 0.7882 0.9046 0.8962 0.8622   
    0.0004 0.0000 0.0000 0.0000 0.0000 0.0000   
8 DD_ESRB 0.0819 0.5903 0.8383 0.8043 0.8511 0.8515 0.8063 
    0.0006 0.0000 0.0000 0.0000 0.0000 0.0000 0.0000 
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Firm Breadth Correlations 

The analysis here examines correlations between the various breadth measures and the 

dependent variable score.  As with the depth indicators, both the scale and individual measures 

are examined.  Unlike the depth measures though, the breadth measures have to take into account 

a potential moderating relationship (H4) which suggests that the general breadth relationship is 

positive in high complexity environments and negative in low complexity environments.  

Measures appearing in this analysis are presented in A.47. 

 Table A.47 – Firm Breadth Measures 

Measure Target Meaning/Discussion 
Score DV Composite score of professional reviewers 
PubBreadthAvg Publisher Scale from EFA, average of publisher breadth scores 
PubBreadthMod Publisher Mean centered publisher scale, multiplied by relative 

complexity 
DevBreadthAvg Developer Scale from EFA, average of developer breadth scores 
DevBreadthMod Developer Mean centered developer scale, multiplied by relative 

complexity 
PB_Plat Publisher Breadth of experience across platforms. Increased score 

represents a more diverse portfolio of projects. 
PB_Genre Publisher Breadth of experience across genres. 
PB_Play Publisher Breadth of experience across playstyles. 
PB_Brand Publisher Breadth of experience between new and repeated IP's. 
PB_3P Publisher Breadth of experience between internal and external 

IP's. 
PB_Netwrk Publisher Breadth of experience between single and networked 

hardware. 
PB_ESRB Publisher Breadth of experience across ESRB ratings (demographic 

groups).. 
PBM_Plat Publisher Mean centered multiplied by relative complexity 
PBM_Genre Publisher Mean centered multiplied by relative complexity 
PBM_Play Publisher Mean centered multiplied by relative complexity 
PBM_Brand Publisher Mean centered multiplied by relative complexity 
PBM_3P Publisher Mean centered multiplied by relative complexity 
PBM_Net Publisher Mean centered multiplied by relative complexity 
PBM_ESRB Publisher Mean centered multiplied by relative complexity 
DB_Plat Developer Breadth of experience across platforms. Increased score 

represents a more diverse portfolio of projects.  
 

(table continues) 
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Table A.47 (continued). 
 
Measure Target Meaning/Discussion 

DB_Genre Developer Breadth of experience across genres. 
   DB_Play Developer Breadth of experience across playstyles. 
DB_Brand Developer Breadth of experience between new and repeated IP's. 
DB_3P Developer Breadth of experience between internal and external 

IP's. 
DB_Netwrk Developer Breadth of experience between single and networked 

hardware. 
DB_ESRB Developer Breadth of experience across ESRB ratings (demographic 

groups).. 
DBM_Plat Developer Mean centered multiplied by relative complexity 
DBM_Genre Developer Mean centered multiplied by relative complexity 
DBM_Play Developer Mean centered multiplied by relative complexity 
DBM_Brand Developer Mean centered multiplied by relative complexity 
DBM_3P Developer Mean centered multiplied by relative complexity 
DBM_Net Developer Mean centered multiplied by relative complexity 
DBM_ESRB Developer Mean centered multiplied by relative complexity 

  
The moderator is addressed in two different ways.  First, a standard moderator rule is 

applied where the mean centered value for a measure (e.g. PB_Play) is multiplied by the relative 

complexity value to create a moderated value (e.g. PBM_Play).  The second approach is to use 

the 'Split File' function in SPSS to examine the data by specific groups.  For this procedure, a 2-

group cluster analysis was conducted in SPSS on the Relative Complexity measure.  The cluster 

family was saved as an attribute measure in the SPSS analysis file allowing any future analysis to 

be conducted separately at the low and high complexity levels.  Correlation analysis is provided 

at the full level as well as the high and low complexity subsets. 

For publishers, most of the direct correlations to score are significant and negatively 

correlated.  Genre (r =-.056), Playstyle (r =-.1), Branded (r =-.068), 3rd Party (r =-.115) and 

network (r =-.048) are all significant and the general sign suggests that publishers are best served 

specializing rather than generalizing.  Within construct correlations are quite high with the 

weakest correlation occurring between playstyle and genre (r =.422).  As with depth measures, 



   

344 

this suggests specific configurations of publishers exist with set patterns of generalization and 

specialization.  While this is not the focus of my study, the high internal correlations present a 

potential confound in the examination of simultaneous measures of breadth. 

 Table A.48 – Breadth Correlations, Publishers 

  1 2 3 4 5 6 7 
1 Score        
2 PB_Plat 0.010       
  0.669       

3 PB_Genre ‐0.056 0.605      
  0.018 0.000      

4 PB_Play ‐0.100 0.422 0.778     
  0.000 0.000 0.000     

5 PB_Brand ‐0.068 0.430 0.676 0.672    
  0.004 0.000 0.000 0.000    

6 PB_3P ‐0.115 0.532 0.677 0.594 0.476   
  0.000 0.000 0.000 0.000 0.000   

7 PB_Netwrk ‐0.048 0.568 0.734 0.776 0.613 0.641  
  0.044 0.000 0.000 0.000 0.000 0.000  

8 PB_ESRB 0.002 0.656 0.767 0.674 0.653 0.613 0.686 
  0.927 0.000 0.000 0.000 0.000 0.000 0.000 

 

For the moderated values for publishers, the findings are less substantial.  Only the 

moderator for third party indicator achieves significance with score (r =-.047).  All internal 

moderator measures are highly correlated.  The weakest correlation is between the moderator for 

branded and platform (r =.532).  This offers little support for the moderator hypotheses 

associated with H4.  Further, the internal correlation suggests model tuning approaches will be 

necessary when simultaneously evaluating publisher breadth moderators. For the direct measures 

of developer breadth, only two are significantly correlated with the dependent variable.  Playstle 

breadth (r =-.052) is negatively correlated while third party experience (r =.059) is positively 

correlated.  As with the publisher measures, all internal correlations are significant and 
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substantial.  The weakest within construct correlation occurs between branded and platform (r 

=.475) with several of the remaining correlations above the .6 level. 

Table A.49 – Breadth Correlations, Publishers Moderated 

   1 2 3 4 5 6 7 
1 Score               
2 PBM_Plat 0.016             

    0.496             
3 PBM_Genre ‐0.019 0.733           

    0.432 0.000           
4 PBM_Play ‐0.034 0.576 0.791         

    0.157 0.000 0.000         
5 PBM_Brand ‐0.034 0.532 0.721 0.714       

    0.153 0.000 0.000 0.000       
6 PBM_3P ‐0.047 0.713 0.695 0.587 0.534     

    0.050 0.000 0.000 0.000 0.000     
7 PBM_Net ‐0.016 0.642 0.781 0.841 0.712 0.631   

    0.506 0.000 0.000 0.000 0.000 0.000   
8 PBM_ESRB 0.013 0.690 0.778 0.714 0.690 0.627 0.733 

    0.576 0.000 0.000 0.000 0.000 0.000 0.000 
 

Table A.50 – Breadth Correlations, Developers 

   1 2 3 4 5 6 7 
1 Score               
2 DB_Plat 0.042             

    0.074             
3 DB_Genre ‐0.001 0.619           

    0.980 0.000           
4 DB_Play ‐0.017 0.536 0.713         

    0.480 0.000 0.000         
5 DB_Brand ‐0.052 0.475 0.604 0.560       

    0.029 0.000 0.000 0.000       
6 DB_3P ‐0.012 0.533 0.556 0.530 0.511     

    0.615 0.000 0.000 0.000 0.000     
7 DB_Netwrk 0.059 0.668 0.671 0.683 0.513 0.519   

    0.014 0.000 0.000 0.000 0.000 0.000   
8 DB_ESRB 0.011 0.696 0.710 0.595 0.599 0.589 0.652 

    0.642 0.000 0.000 0.000 0.000 0.000 0.000 
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Moderated values for developer breadth provide some tentative support for H4.  Four of 

the moderated predictors are significantly related to the dependent variable.  These include 

platform (r =.089), playstyle (r =.061), network (r =.1) and ESRB (r =.068).  As with the 

publisher moderator relationships, substantial within construct correlations manifest, all of which 

are above the .7 level.  The weakest internal correlation occurs in the relationship between 

network and third party (r =.762). 

 Table A.51 – Breadth Correlations, Developers Moderated 

   1 2 3 4 5 6 7 
1 Score               
2 DBM_Plat 0.089             

    0.000             
3 DBM_Genre 0.054 0.848           

    0.023 0.000           
4 DBM_Play 0.061 0.814 0.880         

    0.010 0.000 0.000         
5 DBM_Brand 0.039 0.791 0.850 0.792       

    0.099 0.000 0.000 0.000       
6 DBM_3P 0.039 0.781 0.828 0.797 0.779     

    0.104 0.000 0.000 0.000 0.000     
7 DBM_Net 0.100 0.866 0.842 0.841 0.776 0.762   

    0.000 0.000 0.000 0.000 0.000 0.000   
8 DBM_ESRB 0.068 0.863 0.881 0.823 0.833 0.813 0.834 

    0.004 0.000 0.000 0.000 0.000 0.000 0.000 
 
For publishers operating at high levels of complexity, none of the measures correlate 

significantly with the dependent variable.  All of the internal correlations are quite high.  The 

lowest internal correlation is between third party and branded (r =.557), with many other 

correlations in excess of .7. 
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 Table A.52 – Breadth Correlations, Publishers in High Complexity 

   1 4 5 6 7 8 9 
1 Score               
4 PB_Plat ‐0.023             

    0.625             
5 PB_Genre ‐0.030 0.747           

    0.512 0.000           
6 PB_Play ‐0.014 0.599 0.795         

    0.756 0.000 0.000         
7 PB_Brand ‐0.026 0.561 0.734 0.727       

    0.579 0.000 0.000 0.000       
8 PB_3P ‐0.043 0.739 0.695 0.591 0.557     

    0.355 0.000 0.000 0.000 0.000     
9 PB_Netwrk ‐0.042 0.639 0.788 0.861 0.731 0.631   

    0.361 0.000 0.000 0.000 0.000 0.000   
10 PB_ESRB 0.000 0.694 0.778 0.711 0.701 0.628 0.730 

    0.996 0.000 0.000 0.000 0.000 0.000 0.000 
 
For developers working at high complexity, more of the relationships are significant.  

Platform (r =.103) and network (r =.115) breadth are positively correlated with score while third 

party experience (r =-.098) is negatively correlated.  While all but one of the internal correlations 

are significant, the level of the correlations are noticeably lower than in other subsets.  

Correlations range from a low between branded and playstyle breadth (r =-.014, p=.763) to a 

high correlation between network and third party (r =.581).  Most of the correlations are in the .2 

to .3 range suggesting that these values will be less problematic with simultaneous estimation.  

For publishers working at low complexity, measures nearly all correlate significantly 

with the dependent variable.  Network (r =-.075), genre (r =-.082), branded (r =-.093), playstyle 

(r =-.148) and third party (r =-.159) are all significantly correlated with score.  In all cases, 

indication suggests that at low levels of complexity, publishers are best functioning as 

specialists.  Internal correlations are quite high, with all correlations significant at the .001 level.  
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The weakest within construct correlation is between playstyle and genre (r =.327) with many of 

the correlations in excess of .6. 

 Table A.53 – Breadth Correlations, Developers in High Complexity 

   1 2 3 4 5 6 7 
1 Score              
2 DB_Plat 0.103            

    0.026            
3 DB_Genre ‐0.052 0.320          

    0.261 0.000          
4 DB_Play 0.008 0.361 0.351        

    0.866 0.000 0.000        
5 DB_Brand ‐0.063 0.208 0.228 ‐0.014      

    0.171 0.000 0.000 0.763      
6 DB_3P ‐0.098 0.249 0.524 0.452 0.392    

    0.035 0.000 0.000 0.000 0.000    
7 DB_Netwrk 0.115 0.581 0.059 0.249 0.183 0.077  

    0.013 0.000 0.200 0.000 0.000 0.097  
8 DB_ESRB ‐0.027 0.358 0.242 0.208 0.296 0.232 .098 

    0.559 0.000 0.000 0.000 0.000 0.000 .033 
 

Table A.54 – Breadth Correlations, Publishers in Low Complexity 

   1 2 3 4 5 6 7 
1 Score               

                  
2 PB_Plat ‐0.015             

    0.595             
3 PB_Genre ‐0.082 0.534           

    0.003 0.000           
4 PB_Play ‐0.148 0.327 0.769         

    0.000 0.000 0.000         
5 PB_Brand ‐0.093 0.370 0.651 0.645       

    0.001 0.000 0.000 0.000       
6 PB_3P ‐0.159 0.429 0.664 0.593 0.440     

    0.000 0.000 0.000 0.000 0.000     
7 PB_Netwrk ‐0.075 0.506 0.707 0.731 0.552 0.646   

    0.007 0.000 0.000 0.000 0.000 0.000   
8 PB_ESRB ‐0.012 0.634 0.759 0.653 0.630 0.601 0.656 

    0.663 0.000 0.000 0.000 0.000 0.000 0.000 
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For developers working at low levels of complexity, four of the seven measures are 

significantly correlated with the dependent variable, score.  Third party (r =-.064), genre (r =-

.067), playstyle (r =-.094) and branded (r =-.135) are all significantly negatively correlated with 

score.  The implication of which is that, at low levels of complexity, developers are best served 

to operate as specialists tentatively supporting H4B.  Within construct correlations for developer 

breadth at low complexity are again quite high.  All correlations are significant at the .001 level 

with the weakest correlation manifesting between branded and playstyle (r =.28) and the highest 

correlation manifesting between playstyle and genre (r =.623). 

 Table A.55 – Breadth Correlations, Developers in Low Complexity 

   1 2 3 4 5 6 7 
1 Score               

                  
2 DB_Plat ‐0.042             

    0.134             
3 DB_Genre ‐0.067 0.482           

    0.015 0.000           
4 DB_Play ‐0.094 0.360 0.623         

    0.001 0.000 0.000         
5 DB_Brand ‐0.135 0.280 0.479 0.427       

    0.000 0.000 0.000 0.000       
6 DB_3P ‐0.064 0.401 0.435 0.404 0.381     

    0.022 0.000 0.000 0.000 0.000     
7 DB_Netwrk ‐0.007 0.529 0.568 0.582 0.349 0.393   

    0.794 0.000 0.000 0.000 0.000 0.000   
8 DB_ESRB ‐0.053 0.594 0.618 0.464 0.469 0.483 0.540 

    0.055 0.000 0.000 0.000 0.000 0.000 0.000 
 
Correlations with breadth measures and the dependent variable offer tentative support for 

Hypothesis 4.  In particular for developers, generalists seem to thrive at high levels of 

complexity while specialists thrive at low levels of complexity.  Internal correlations are 

exceedingly high for all same target measures threatening to confound MLE estimation.  While 
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MLE is relatively robust to internal correlation issues CITE, it is likely necessary to engage in 

model tuning procedures during later analysis. 

 

Breadth-Depth Correlations 

This analysis focuses on the breadth*depth interaction projected as Hypothesis 5.  Here 

the expectation is that breadth*depth (BD) has a different relationship with success at different 

levels of relative complexity.  Specifically, at high levels of relative complexity, BD is expected 

to have a positive correlation as generalists should outperform specialists.  At low levels of 

relative complexity though, a curvilinear function is expected wherein learning companies 

outperform specialists and ultimately learning companies (those who generally specialize, but 

have some breadth) outperform generalists.   

 This analysis requires creation of an interaction term BD as well as a squared term BD.  

It will be difficult to get an accurate test of BD while either B or D are present as this moderator 

could not be mean centered.  The problem with mean centering either B or D prior to creation of 

BD has to do with the BD2 term needed to test the curvilinear Hypothesis H5A.  Negative and 

positive terms of the mean centered measure would confound meaning of the squared term.  

Because of this, B and D were left in their normal form.  Further complicating issues, B for many 

firms is a number between zero and one.  Only for highly-generalized firms does B exceed one 

while a pure specialist has a value for B approaching zero.  Particularly for firms with low 

experience (low-D), this multiplication produces distributions of BD between 0 and 1.  When 

this occurs, the meaning of the squared term necessary for H5A becomes problematic.  As such, 

values for P were increased by 1 before producing the BD interaction term for the second order 

effect.  Measures appearing in this analysis are described in A.56. 
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 Table A.56 – Breadth-Depth Measures 

Measure Meaning 
Score Composite score of professional reviewers 
PDB_Plat Breadth profile for platform multiplied by the title‐specific platform 

experience for publisher 
PDB_Genre Breadth profile for genre multiplied by the title‐specific genre experience for 

publisher 
PDB_Play Breadth profile for playstyle multiplied by the title‐specific playstyle 

experience for publisher (single/multi) 
PDB_Brand Breadth profile for brand multiplied by the title‐specific brand experience for 

publisher (sequel or new IP) 
PDB_3P Breadth profile for 3rd party multiplied by the title‐specific 3rd party 

experience for publisher (external or internal IP) 
PDB_Network Breadth profile for networked hardware multiplied by the title‐specific 

network hardware experience for publisher 
PDB2_Plat Square of PDB_Plat 
PDB2_Genre Square of PDB_Genre 
PDB2_Play Square of PDB_Play 
PDB2_Brand Square of PDB_Brand 
PDB2_3P Square of PDB_3P 
PDB2_Network Square of PDB_Network 
PDB2_ESRB Square of PDB_ESRB 
DDB_Plat Breadth profile for platform multiplied by the title‐specific platform 

experience for developer 
DDB_Genre Breadth profile for genre multiplied by the title‐specific genre experience for 

developer 
DDB_Play Breadth profile for playstyle multiplied by the title‐specific playstyle 

experience for developer(single/multi) 
DDB_Brand Breadth profile for brand multiplied by the title‐specific brand experience for 

developer(sequel or new IP) 
DDB_3P Breadth profile for 3rd party multiplied by the title‐specific 3rd party 

experience for developer(external or internal IP) 
DDB_Network Breadth profile for networked hardware multiplied by the title‐specific 

network hardware experience for developer 
DDB2_Plat Square of PDB_Plat 
DDB2_Genre Square of PDB_Genre 
DDB2_Play Square of PDB_Play 
DDB2_Brand Square of PDB_Brand 
DDB2_3P Square of PDB_3P 
DDB2_Network Square of PDB_Network 
DDB2_ESRB Square of PDB_ESRB 
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At high levels of complexity, the expectation of H5B is a positive linear relationship 

between BD and score.  For developers operating at high complexity, only platform offers any 

support for this contention (r =.15).   A number of the internal correlations are high, although 

many are not significant.  All but one of the significant correlations exceed the .001 level.  The 

weakest within target correlation is between network and playstyle (r =.092, p=.046) while the 

strongest correlation is between 3rd party and branded (r =.57). 

 Table A.57 – Breadth-Depth Correlations, Developers in High Complexity 

   1 2 3 4 5 6 7 
1 Score               

                  
2 DDB_Plat 0.150             

    0.001             
3 DDB_Genre 0.017 ‐0.020           

    0.714 0.660           
4 DDB_Play 0.030 0.174 0.366         

    0.516 0.000 0.000         
5 DDB_Brand ‐0.058 0.086 ‐0.010 ‐0.011       

    0.210 0.063 0.824 0.811       
6 DDB_3P ‐0.080 0.135 0.214 0.237 0.570     

    0.084 0.003 0.000 0.000 0.000     
7 DDB_Network 0.075 0.164 ‐0.012 0.092 0.086 0.041   

    0.103 0.000 0.795 0.046 0.064 0.379   
8 DDB_ESRB ‐0.053 ‐0.013 ‐0.007 ‐0.007 ‐0.006 ‐0.008 ‐0.007 

    0.254 0.785 0.882 0.873 0.890 0.864 0.872 
 
For publishers working at high complexity none of the breadth-depth interaction 

measures are significantly correlated with the dependent variable, score.  All of the internal 

correlations are significant at the .001 level with the weakest between genre and platform (r 

=.538) and the strongest between network and 3rd party (r =.909).  This offers no support for 

H5B while providing internal correlations likely confounding MLE regression. 
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Table A.58 – Breadth-Depth Correlations, Publishers in High Complexity 

  1 2 3 4 5 6 7 
Score               
                
PDB_Plat 0.066             
  0.155             
PDB_Genre 0.070 0.538           
  0.128 0.000           
PDB_Play 0.027 0.675 0.676         
  0.562 0.000 0.000         
PDB_Brand 0.011 0.632 0.662 0.878       
  0.805 0.000 0.000 0.000       
PDB_3P ‐0.013 0.679 0.679 0.853 0.829     
  0.779 0.000 0.000 0.000 0.000     
PDB_Network 0.012 0.737 0.708 0.909 0.853 0.881   
  0.788 0.000 0.000 0.000 0.000 0.000   
PDB_ESRB ‐0.023 0.628 0.631 0.768 0.785 0.790 0.779 
  0.618 0.000 0.000 0.000 0.000 0.000 0.000 

  
Hypothesis 5A investigates the relationship between BD and the dependent variable score 

at low levels of complexity.  As in prior analysis calling for examination at different levels, the 

cluster analysis determined two-group set is used as the sorting mechanism for high and low 

complexity.  The expectation at this level is that a curvilinear function will emerge.  In general 

this requires a significant first-order and second order function with the magnitude and directions 

of the two effects determining whether the overall relationship is positive-decaying or inverted-

U. 

 For publishers working at low complexity, several significant first and second order 

measures are significantly correlated with the dependent variable.  There is a positive first and 

second order correlation for platforms and score (r = .06 and r = .055), suggesting an accelerating 

positive function where generalists substantially outperform specialists.  In terms of third-party 

experience though, there is a negative first and second order function (r = -.067 and r = -.087) 

suggesting specialists outperforming and generalists underperforming in this area.   A negative 
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second order effect emerges for network experience, although the first order effect is 

insignificant.    Substantial internal correlations manifest, all beyond the .001 level.  The weakest 

first order correlation is between genre and platform (r =.443) while the strongest is between 3rd 

party and playstyle (.873).  The weakest second order correlation is between genre and platform 

(.364) while the strongest is between third party and playstyle (r =.873). 

 Table A.59 – Breadth-Depth Correlations, Publishers in Low Complexity 

  1 2 3 4 5 6 7 
Score               
                
PDB_Plat 0.060             
  0.032             
PDB_Genre 0.011 0.443           
  0.706 0.000           
PDB_Play ‐0.010 0.536 0.651         
  0.718 0.000 0.000         
PDB_Brand 0.049 0.567 0.631 0.853       
  0.079 0.000 0.000 0.000       
PDB_3P ‐0.067 0.532 0.671 0.873 0.824     
  0.016 0.000 0.000 0.000 0.000     
PDB_Network ‐0.022 0.652 0.691 0.840 0.816 0.840   
  0.436 0.000 0.000 0.000 0.000 0.000   
PDB_ESRB 0.048 0.513 0.565 0.698 0.697 0.695 0.741 
  0.087 0.000 0.000 0.000 0.000 0.000 0.000 
 
For developers, working on low complexity projects, nearly all benefits appear to 

accumulate for the generalist.  There is a positive first and second order correlation between 

score and platform (r =.061 and r =.07), genre (r =.086 and r =.071) and network (r =.057 and r 

=.07) experience.   
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Table A.60 – Breadth-Depth Second-order Correlations, Publishers in Low Complexity 

  1 2 3 4 5 6 7 
Score               
                
PDB2_Plat 0.055             
  0.048             
PDB2_Genre ‐0.019 0.364           
  0.490 0.000           
PDB2_Play ‐0.023 0.467 0.566         
  0.417 0.000 0.000         
PDB2_Brand 0.037 0.456 0.494 0.792       
  0.189 0.000 0.000 0.000       
PDB2_3P ‐0.087 0.447 0.591 0.816 0.771     
  0.002 0.000 0.000 0.000 0.000     
PDB2_Network ‐0.066 0.549 0.620 0.809 0.722 0.824   
  0.018 0.000 0.000 0.000 0.000 0.000   
PDB2_ESRB 0.020 0.409 0.473 0.634 0.594 0.669 0.677 
  0.478 0.000 0.000 0.000 0.000 0.000 0.000 

 

 Positive second order effects also manifest for branded (r =.056) and third party 

experience (r =.055).  Negative second order correlations do not manifest at all in this sample 

suggesting that, for developers, specialization and experience (breadth and depth) have an 

accelerating (not decaying) relationship.  Internal correlations are all significant for the breadth-

depth interaction.  For developers, the weakest first order effect correlation is between ESRB and 

platform (r =.664) while the strongest is between 3rd party and genre (r =.878).  For second order 

effects, again all internal correlations are significant at the .001 level.  The weakest correlation is 

between playstyle and genre (r =.62) while the strongest correlation is between third party and 

genre (r =.964). 

  

  



   

356 

Table A.61 – Breadth-Depth Correlations, Developers in Low Complexity 

   1 2 3 4 5 6 7 
1 Score               

                  
2 DDB_Plat 0.061             

    0.027             
3 DDB_Genre 0.086 0.676           

    0.002 0.000           
4 DDB_Play 0.023 0.647 0.689         

    0.418 0.000 0.000         
5 DDB_Brand 0.042 0.698 0.722 0.775       

    0.133 0.000 0.000 0.000       
6 DDB_3P 0.034 0.703 0.878 0.782 0.811     

    0.216 0.000 0.000 0.000 0.000     
7 DDB_Network 0.057 0.719 0.777 0.805 0.838 0.839   

    0.040 0.000 0.000 0.000 0.000 0.000   
8 DDB_ESRB 0.052 0.664 0.832 0.696 0.789 0.846 0.805 

    0.061 0.000 0.000 0.000 0.000 0.000 0.000 
  
 Table A.62 – Breadth-Depth Second-order Correlations, Developers in Low Complexity 

   1 2 3 4 5 6 7 
1 Score               

                  
2 DDB2_Plat 0.070             

    0.012             
3 DDB2_Genre 0.071 0.691           

    0.011 0.000           
4 DDB2_Play 0.052 0.620 0.714         

    0.063 0.000 0.000         
5 DDB2_Brand 0.056 0.687 0.740 0.765       

    0.043 0.000 0.000 0.000       
6 DDB2_3P 0.055 0.707 0.964 0.760 0.788     

    0.047 0.000 0.000 0.000 0.000     
7 DDB2_Network 0.070 0.646 0.773 0.780 0.801 0.806   

    0.012 0.000 0.000 0.000 0.000 0.000   
8 DDB2_ESRB 0.058 0.626 0.864 0.680 0.782 0.866 0.756 

    0.038 0.000 0.000 0.000 0.000 0.000 0.000 
 

Correlations for the breadth-depth interaction effect provide some evidence supporting 

the general contention of H5.  The strongest correlations manifest for the developer measures.  
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Substantial within construct correlations appear throughout this section though.  It is quite likely 

that generating an interpretable model, even using MLE, may be problematic. 

 

Relational Capital Correlations 

This correlation analysis examines relations between the relational capital measures of 

breadth and depth and the dependent variable score.  Relational Breadth represents the test of 

Hypothesis 7, while relational depth represents the test of Hypothesis 6.  All measures reported 

on in this section are described in A.63. 

 Table A.63 – Relational Capital Measures 

Measure Construct Meaning 
Score DV Composite rating of professional reviewers 
RC_Breadth Relational 

Breadth 
Euclidean Distance of the breadth profiles for the publisher and 
developer.  Greater numbers imply larger distance between 
breadth profiles 

RC_Depth Relational 
Depth 

Count history of the number of past interactions between the 
specific publisher and developer 

RC2_Breadth Second‐order Squared term for RC_Breadth 
RCM_Breadth Moderator RC_Breadth mean centered, multiplied by relative complexity 
RCM_Depth Moderator RC_Depth mean centered, multiplied by relative complexity 

 
 H6 expects a positive direct relationship between relational depth and success with a 

moderated, negative relationship wherein the value of relational depth decreases as relative 

complexity increases.  The direct correlation supports H6 (r =.106), but the moderator is the 

opposite of what is expected under H6a (r =.123).  Depth of experience between a publisher and 

developer is both positive generally and increasingly so as complexity increases. 

 For relational breadth, the expectation is that the value of relational breadth changes in 

high and low complexity relationships.  Relational breadth manifests a negative direct 

relationship (r =-.083), the moderator is also negative (r =-.065) and the second order effect is 

also negative (r =-.078).  This suggests that increased breadth (or decreased overlap) hinders 
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performance capabilities of partners.  Further, as complexity increases, lack of overlap further 

hinders collaborative outputs.  This seems somewhat contrary to H7A which anticipates a 

beneficial relationship between relational breadth and success at low levels of complexity.  

However, these direct correlations are in line with H7B which expects a negative relationship 

between relational breadth and product success as complexity reaches high levels. 

 Table A.64 – Relational Capital Correlations 

   1 2 3 4 5 
1 Score          
             

2 RC_Breadth ‐0.083        
    0.001        

3 RC_Depth 0.106 ‐0.376      
    0.000 0.000      

4 RCM_Depth 0.123 ‐0.378 0.784    
    0.000 0.000 0.000    

5 RCM_Breadth ‐0.065 0.852 ‐0.174 ‐0.255  
    0.006 0.000 0.000 0.000  

6 RC2_Breadth ‐.078 .985 ‐.37 ‐.41 .852 
  .001 .000 .000 .000 .000 

  
Subsequent examination of relational capital breadth at the split high/low complexity 

levels does not alter the relationship manifest here.  First, at high levels of complexity, the 

correlation between relational breadth and score is negative (r =-.049, p=.292), albeit not 

reaching significance.  At low levels of complexity (where the preponderance of cases lie), the 

relationship is also negative and remains significant (r =-.057, p=.04).  The suggestion here is 

that, at least with this sample and setting, increases in relational breadth undermines 

collaborative capabilities. 

 

Discussion of Alternate Models 

This dissertation utilized maximum likelihood estimation regression models to test the 
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various hypotheses.  The MLE approach was determined appropriate given the a priori belief that 

many measures would violate normality assumptions, that internal correlation problems would 

be present, that other researchers examining similar data have made use of such techniques, and 

given the argument that MLE parameter estimates do not differ substantially from non-

parametric network analytic techniques.  While the study did find a number of supporting 

relationships, the various analysis were complicated by cumbersome models, excessive 

correlation between predictors, and relatively weak effects.   

Alternate analytic approaches were considered early in the study design, evaluated during 

the analysis phase, or considered while examining results.  This section discusses some of these 

considerations.  Discussion here includes examination of potential scales within the various 

construct measures, evaluation of joint publisher-developer models, and estimation using 

network analytic techniques. 

 

Construct Development 

In the early research design, it was observed that little scale work exists in the theory 

areas contributing to this study.  In most observed cases, researchers proceed as this study has, 

by including a relatively large number of predictors to analyze relatively large data sets.  While 

there exists at least one study examining scale design for structural capital in organizational 

settings CITE, there was no clear reason to believe usable scales would be present in this data 

set. 

A full examination of potential scales in the firm depth, firm breadth, structural capital 

access, and structural capital constraint constructs was conducted.  Steps taken included 

exploratory factor analysis using principle components extraction and varmiax rotation occurred 
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in SPSS.  Results from EFA were carried forward to AMOS for confirmatory factor analysis.  

This included examination of both a first and second level factor structure for factors observed 

on publishers and developers separately. 

Reasonable factor structures were observed for publisher depth of experience (six items, 

alpha =.939), breadth of experience (six items, alpha=.865), and structural access (four items, 

alpha = .745).  The confirmatory model for the three factor publisher scales exhibited acceptable 

fit statistics (GFI = .907, AGFI = .865, NFI = .953, CFI = .956, RMSEA = .091). 

For developers, reasonable factor structures were observed for depth of experience (seven 

items, alpha = .951), breadth of experience (six items, alpha = .882), structural access (three 

items, alpha = .566) and structural constraint (three items, alpha = .525).  Only the breadth and 

depth measures held together as reasonable scales in the confirmatory factor analysis.  These two 

scales exhibited reasonable fit statistics for developers (GFI = .904, AGFI = .852, NFI = .95, CFI 

= .953, RMSEA = .103).   

Two variations of each scale were created in SPSS using an averaging and factor loading 

approach to weighting item contribution.  All scales were compared in correlation analysis and in 

some preliminary MLE designs.  The problems with scale usage manifest in the correlation 

analysis.  In general, while the scales were significant, they were far lower in correlation strength 

than many of the single item measures.  In early MLE designs using the single-item value for the 

scale and structural modeling approaches, none of the scale predictors reached significance, even 

in the presence of reduced control sets.  My conclusion was that the aggregation of individual 

measures into scales sacrificed more variance than the parsimony benefits the scales provided.  

Further, correlation in the errors for structural capital measures and the jointly determined nature 

of most of the structural capital measures likely yielded a data structure not fully suitable for 
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factor analysis VASU.  As construct development was neither a primary purposes of this 

dissertation nor prevalent in this area of research, I abandoned the scales in favor of the more 

traditional strategy research designs. 

 

High and Low Complexity Subsets 

Cluster analysis is an analytic technique best deployed when the researcher is “searching 

for the ‘natural’ structure among the observations” (HAIR pg 470).  The relative complexity 

measure was used two determine the best two-group cluster of the data for high and low 

complexity.  A K-means cluster analysis was utilized to break the data into two specific groups 

(high and low complexity).  The two-category split placed 1295 titles in the low complexity set 

and 469 titles in the high complexity subset.  In discussion of distribution of measures, where a 

specific hypothesis calls for subset analysis, distribution information will be provided for both 

the total analysis set and each of the subsets (high and low complexity).  Distribution of the 

cluster analysis appears in Table A.65. 

 Table A.65 – Cluster Analysis, Relative Complexity 
  

Low 1295 
High 469 

F‐statistic 10,487.94, significant at 
p<.001. 
Final Euclidean Distance between 
cluster = 5.558 

 
 
 
Breadth Indicators – Data Distribution 

I begin with an examination of the publisher specific distribution of breadth at high and 

low levels of complexity.  Breadth is generally greater in the lower levels of complexity.  For 

example, breadth of platform experience at low levels of complexity has a mean of 1.419, by 
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comparison at high levels of complexity the breadth mean for platforms is 1.025.  In general, this 

suggests that, at low levels of complexity, publishers are more likely to be generalists than at 

high levels of complexity.  In general though, the descriptive at both high and low levels of 

complexity are acceptable for the analytic techniques proposed. 

 Table A.66 – Breadth Indicators by Subset, Publishers 

High Complexity     
 Mean S.D. Median Skewness Kurtosis 
PB_Plat 1.025 0.751 1.157 ‐0.260 ‐1.473 
PB_Genre 1.335 0.788 1.601 ‐0.620 ‐1.060 
PB_Play 0.497 0.266 0.634 ‐1.210 ‐0.317 
PB_Brand 0.478 0.269 0.617 ‐1.092 ‐0.603 
PB_3P 0.392 0.277 0.480 ‐0.450 ‐1.434 
PB_Netwrk 0.490 0.272 0.637 ‐1.131 ‐0.527 
PB_ESRB 0.810 0.486 1.026 ‐0.773 ‐0.969 
Low Complexity     
 Mean S.D. Median Skewness Kurtosis 
PB_Plat 1.419 0.595 1.631 ‐1.121 0.289 
PB_Genre 1.505 0.728 1.787 ‐1.047 ‐0.310 
PB_Play 0.532 0.228 0.624 ‐1.676 1.258 
PB_Brand 0.500 0.236 0.621 ‐1.221 ‐0.084 
PB_3P 0.453 0.264 0.562 ‐0.810 ‐0.925 
PB_Netwrk 0.562 0.202 0.644 ‐1.959 2.603 
PB_ESRB 0.912 0.413 1.073 ‐1.056 ‐0.073 

 
Examining developers at high and low complexity produces results comparable to 

publisher results.  First, at low levels of complexity, developers are slightly more generalists than 

specialists.  As an example, the mean for developer breadth of platform experience at low levels 

of complexity is 1.00 while at high levels of complexity the same mean is .104.  At low levels of 

complexity, the developer breadth scores are not problematic in any sense.  However, at high 

levels of complexity, noticeable departures from normality emerge. In every case, the 

distributions manifest skewness in excess of the +/-3 guidelines and in all but one the kurtosis 

value exceeds the +/-9 threshold.  The suggestion here is that the total data set and the low 
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complexity subset are appropriate for examining developer breadth.  However, concern is raised 

for interpretability of results in the high complexity subset.  It is feasible though that the full 

moderator at the all data analysis level may provide interpretable interaction effects for high 

complexity, so hopefully the high complexity subset will not be required for this measure. 

Table A.67 – Breadth Indicators by Subset, Developers 

High Complexity     
 Mean S.D. Median Skewness Kurtosis 
DB_Plat 0.104 0.325 0.000 3.014 7.712 
DB_Genre 0.025 0.129 0.000 5.121 25.760 
DB_Play 0.009 0.074 0.000 8.143 65.245 
DB_Brand 0.008 0.074 0.000 8.714 74.334 
DB_3P 0.011 0.084 0.000 7.573 55.967 
DB_Netwrk 0.018 0.100 0.000 5.467 28.450 
DB_ESRB 0.014 0.091 0.000 6.567 42.170 
Low Complexity     
 Mean S.D. Median Skewness Kurtosis 
DB_Plat 1.000 0.646 1.099 ‐0.272 ‐1.144 
DB_Genre 0.686 0.579 0.683 0.391 ‐0.707 
DB_Play 0.342 0.296 0.451 ‐0.122 ‐1.781 
DB_Brand 0.328 0.287 0.367 ‐0.038 ‐1.728 
DB_3P 0.288 0.297 0.224 0.198 ‐1.773 
DB_Netwrk 0.376 0.293 0.500 ‐0.339 ‐1.671 
DB_ESRB 0.525 0.449 0.562 0.089 ‐1.391 

 
 
 
Structural Constraint Measures 

At the high level of complexity, the data continues to exhibit some problems.  Means 

compare relatively favorably to medians and standard deviations are relatively lower than in the 

full analysis set.  Two publisher and one developer measure exceed the +/-3 tolerance for 

skewness; publisher density (8.173), efficiency (7.752) and developer density (12.934) are 

outside tolerances.   The same three measures also exceed the +/-9 tolerance for kurtosis; 
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publisher density (76.906), efficiency (62.164) and developer density (196.948) are substantially 

outside tolerance range. 

 Table A.68 – Constraint Indicators in High Complexity 

  Mean S.D. Median Skewness Kurtosis 
PC_Dens 0.481783 1.560617 0 8.173 76.906 
PC_Eff 1.307965 3.085831 .997 7.752 62.164 
PC_Constraint 0.1744 0.19627 .106 2.358 6.39 
PC_Hierarchy 0.268588 0.226592 .234 .737 ‐.173 
DC_Dens 0.110525 0.968928 0 12.934 196.948 
DC_Eff 0.22045 0.413594 0 1.136 ‐.14 
DC_Constr 0.091436 0.1888 0 1.841 1.839 
DC_Hierarc 0.066287 0.180304 0 2.924 7.706 

 
For low levels of complexity, problems again manifest.  Means and medians are 

relatively similar and standard deviations are again relatively lower than in the full analysis set.  

Four measures exceed the +/-3 skewness range; publisher density (12.107), efficiency (9.46),  

developer density (6.168) and efficiency (10.543) are outside tolerances.  The same four 

measures are also outside the +/-9 kurtosis tolerances; publisher density (192.477), efficiency 

(99.363), developer density (68.151) and efficiency (128.141).  Other values manifest acceptable 

ranges. 

 Table A.69 – Constraint Indicators in Low Complexity 

  Mean S.D. Median Skewness Kurtosis 
PC_Dens 0.774828 2.417283 .37 12.107 192.477 
PC_Eff 1.352032 3.094748 .996 9.46 99.363 
PC_Constraint 0.186803 0.182757 .124 2.404 6.765 
PC_Hierarchy 0.375203 0.215919 .351 .277 ‐.753 
DC_Dens 1.104434 2.945953 0 6.168 68.151 
DC_Eff 1.082649 0.826111 1 10.543 128.141 
DC_Constr 0.38008 0.200447 .333 .807 .316 
DC_Hierarc 0.434059 0.277722 .396 .256 ‐1.018 
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Correlation Analysis – Constraint 

At high levels of complexity, only the developer correlations reach significance.  In high 

complexity settings, developers measures of constraint (r =.121, p=.009) and hierarchy (r =.138, 

p=.003) are each positively related to the dependent variable score.  At low complexity levels, 

the anticipated relationship between constraint and product quality is positive.  Here, the results 

again are confusing.  Many of the constraint measures fail to reach significant correlations with 

the dependent variable.  The two that do, go in opposing directions.  For publishers, hierarchy 

has a positive and significant correlation to score (r =.122).  For developers, ego network density 

has a negative and significant correlation (r =-.076).    

 Table A.70 – Constraint Correlations by Subset 

 High Complexity Correlation 
p-value 

Low Complexity Correlation 
p-value 

PC_Dens 0.002 PC_Dens ‐0.028 
  0.968  0.316 
PC_Eff ‐0.029 PC_Eff ‐0.011 
  0.536  0.697 
PC_Constraint 0.004 PC_Constraint 0.013 
  0.934  0.635 
PC_Hierarchy ‐0.015 PC_Hierarchy 0.122 
  0.753  0.000 
DC_Dens 0.019 DC_Dens ‐0.076 
  0.678  0.006 
DC_Eff 0.052 DC_Eff 0.007 
  0.260  0.792 
DC_Constr 0.121 DC_Constr 0.040 
  0.009  0.150 
DC_Hierarc 0.138 DC_Hierarc 0.038 
  0.003  0.170 

 
 
 

Correlation Analysis – Breadth 

For publishers operating at high levels of complexity, none of the measures correlate 
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significantly with the dependent variable.  For developers working at high complexity, more of 

the relationships are significant.  Platform (r =.103) and network (r =.115) breadth are positively 

correlated with score while third party experience (r =-.098) is negatively correlated.   

 Table A.71 – Breadth Correlations in High Complexity 

Publishers Correlation 
p-value 

Developers Correlation 
p-value 

PB_Plat ‐0.023 DB_Plat 0.103 
  0.625  0.026 
PB_Genre ‐0.030 DB_Genre ‐0.052 
  0.512  0.261 
PB_Play ‐0.014 DB_Play 0.008 
  0.756  0.866 
PB_Brand ‐0.026 DB_Brand ‐0.063 
  0.579  0.171 
PB_3P ‐0.043 DB_3P ‐0.098 
  0.355  0.035 
PB_Netwrk ‐0.042 DB_Netwrk 0.115 
  0.361  0.013 
PB_ESRB 0.000 DB_ESRB ‐0.027 
  0.996  0.559 

 
For publishers working at low complexity, measures nearly all correlate significantly 

with the dependent variable.  Network (r =-.075), genre (r =-.082), branded (r =-.093), playstyle 

(r =-.148) and third party (r =-.159) are all significantly correlated with score.  In all cases, 

indication suggests that at low levels of complexity, publishers are best functioning as 

specialists.  For developers working at low levels of complexity, four of the seven measures are 

significantly correlated with the dependent variable, score.  Third party (r =-.064), genre (r =-

.067), playstyle (r =-.094) and branded (r =-.135) are all significantly negatively correlated with 

score.  The implication of which is that, at low levels of complexity, developers are best served 

to operate as specialists tentatively supporting H4B.   
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 Table A.72 – Breadth Indicators in Low Complexity 

 Publisher Measures Correlation 
p-value 

Developer 
Measures 

Correlation 
p-value 

PB_Plat ‐0.015 DB_Plat ‐0.042 
  0.595  0.134 
PB_Genre ‐0.082 DB_Genre ‐0.067 
  0.003  0.015 
PB_Play ‐0.148 DB_Play ‐0.094 
  0.000  0.001 
PB_Brand ‐0.093 DB_Brand ‐0.135 
  0.001  0.000 
PB_3P ‐0.159 DB_3P ‐0.064 
  0.000  0.022 
PB_Netwrk ‐0.075 DB_Netwrk ‐0.007 
  0.007  0.794 
PB_ESRB ‐0.012 DB_ESRB ‐0.053 
  0.663  0.055 

 
 
 
Analytic Models – Firm Structural Constraint (H2) 
 
Hypothesis 2A – Low Complexity 

H2A predicts that, in situations of low complexity, the function of constraint on score is 

positive.  In these environments, firms benefit from interconnected contacts for the use of 

information sharing and more precise performance evaluation.  This section examines the direct 

relationships of the four constraint measures on the low complexity subset (n=1295).  

Specifically, for publishers operating in low complexity settings, inclusion of the direct 

constraint measures improved model fit (AIC = -48499, BCC = -48488).   

 Table A.73 – Constraint Model Fit, Publishers in Low Complexity 

Model Predictors p-R2 AIC BCC 
Control 14 .227 -50483 -50472 
Final 18 .275 -48499 -48488 
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However, none of the initial parameters reach significance and have p-values ranging 

from .22 (Hierarchy) to .96 (Density).  Removal of various parameters neither improves overall 

model fit, nor finds any predictor reaching significance.  Essentially, addition of the constraint 

measures improves the explanatory power of the model (Δp-R2=.048), but  H2A cannot, 

therefore, be supported for publishers within this subset analysis. 

For developers, the control model produces the clearest interpretation.  Addition of the 

direct measures of constraint, for developers, worsens overall model fit (AIC = -51878, BCC -

51867).  None of the initial predictors achieve significance and no iteration of the model 

improves on the control model.  For developers, therefore, H2A cannot be supported within this 

subset analysis 

 Table A.74 – Constraint Model Fit, Developers in Low Complexity 

Model Predictors p-R2 AIC BCC 
Control 14 .227 -50483 -50472 
Direct Measures 18 .238 -51878 -51867 

 
Ultimately, the subset analysis of H2A provided no information improving upon findings 

at the H2 level.  In H2, the interaction term and interaction plot suggests support of H2A.  

Looking at the low complexity subset, these findings were not replicated. 

 

Hypothesis 2B – High Complexity 

Under conditions of high complexity, the expectation is that the relationship between 

constraint and score is negative, in lines with a structural hole argument.  Here, in high 

complexity settings, the firm benefits from an unconnected network of contacts maximizing 

search benefits as opposed to iterative improvements.  At the base H2 level, findings of the 
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interaction effect were in opposition to H2B.  This subset analysis examines the direct 

relationships for the four constraint measures on score for the high complexity sample (n=469). 

For publishers, operating in situations of high complexity, addition of constraint 

measures improves model fit (AIC = -20442, BCC = -20410).  While R2 improves, the vast 

majority of the variance in score, at high complexity, is explained by the control measures (Δp-

R2=.063). 

 Table A.75 – Constraint Model Fit, Publishers in High Complexity 

Model Predictors p-R2 AIC BCC 
Control 14 .637 -20630 -20599 
Direct Measures 18 .7 -20442 -20410 

 
While addition of the constraint measures for publishers improves overall model fit, none 

of the initial predictors achieves significance with p-values ranging from .159 (constraint) to .663 

(density).  No iteration of the model found a solution which either improved on the direct 

measure model or identified a predictor reaching significance.  For the high complexity subset, 

H2B cannot be supported for publishers. 

Examining the situation for developers produces results in conjunction with those found 

for publishers in this subset.  Addition of the predictor measures improves overall model fit (AIC 

= -20018, BCC = -19986).   

 Table A.76 – Constraint Model Fit, Developers in High Complexity 

Model Predictors p-R2 AIC BCC 
Control 14 .637 -20630 -20599 
Direct Measures 18 .777 -20018 -19986 

 
As with the publisher examination, no single predictor reaches significance although 

hierarchy approaches significance in the full predictor run (B=.129, p=.091).  No iteration 

improves on model fit and removal of any other constraint measure worsens the p-value of 
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hierarchy.  While the constraint measures appear to contribute to the high complexity model for 

both publishers and developers, H2B cannot be supported in this subset analysis. 

Ultimately, the subset analysis of H2A and H2B provided no information improving 

upon findings at the H2 level.  In H2, the interaction term and interaction plot suggests support 

of H2A and offer findings in direct opposition of H2B.  Looking at the subsets, these findings 

were not replicated. 

 

Analytic Models – Firm Breadth Experience (H4) 

Hypothesis 4 – Breadth of Experience 

H4 posits that relative complexity moderates the relationship between the independent 

variable breadth of firm experience and the variance in the dependent variable score.  At 

subordinate levels, H4 progresses to suggest that at low levels of complexity, breadth is 

negatively related to score (H4B).  Conversely, at high levels of complexity breadth is positively 

related to score (H4A).  Firm breadth of experience is indicated by seven breadth measures each 

tied to one of the seven attributes tracked for product characteristics.  The specific breadth 

indicator is an entropy index, the interpretation of which notes larger values are common for 

firms who balance their activity across all levels of an attribute.  Opposingly, low values of 

breadth correspond to firms who specialize in one (or few) levels of an attribute.  The 

interpretation of H2A, therefore, is that generalists are anticipated as performing better in high 

complexity settings.  H2B, meanwhile, suggests that specialists perform better in low complexity 

settings.  This analysis is conducted at the full analysis level using both direct and interaction 

terms for the moderator.  Supplemental analysis is also offered at the subset level with direct 

breadth effects estimated in the low complexity or high complexity samples. 
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In the full analysis set, examination of publishers, inclusion of direct and interaction 

terms for breadth improves the model.  AIC (1971.136), BCC (2020.793) each improve from the 

baseline model, while addition of the predictor measures provides an additional 2.3% 

explanation of the variance in score. 

 Table A.77 – Breadth Model Fit, Publishers  

Model Predictors p-R2 AIC BCC 
Control 14 .19 2005.25 2054.446 
Final Model 23 .213 1971.136 2020.793 

 
For publishers, breadth and the moderator relative complexity offer a useful explanation 

of the variance in score.  In particular, two of the three relationships, ESRB (B=.256, p<.001 

direct and B=-.121, p = .029 moderated) and Playstyle (B=-.142, p=.015 direct and B=.151, 

p=.014 moderated) support the general contention of H4A.  In both cases, increased breadth has 

a positive influence on score in high complexity settings.  The opposing finding in network 

breadth (B=-.092, p=.038 moderated) is again likely a function of the overlap between playstyle 

and network.  While the correlation between PBM_Network and score was negative (r =-.016), 

the correlation itself was not significant.  For high complexity, for publishers, breadth does 

appear to improve the quality of the title. 

  Figure A.18 – Publisher ESRB Breadth and Complexity 
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 Figure A.19 – Publisher Playstyle Breadth and Complexity 

 
 
 Figure A.20 – Publisher Network Breadth and Complexity 

 
 

In low complexity, there appears to be a positive role as well.  For ESRB, this manifests 

as an improvement even over the high complexity level.  In low complexity settings, publishers 

appear to benefit from increased breadth in ESRB and Playstyle experience.  These results are 

not consistent with the prediction of H4B.  In both ESRB and playstyle, publisher-generalists 

outperform publisher specialists. 
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 Table A.78 – Publisher Breadth, Standardized Coefficients 

  Estimate p-values 
Genre_High .1099181 <.001 
ThirdParty ‐.1200862 <.001 
Branded .1540998 <.001 
Networked .1583443 <.001 
DevNew ‐.0908619 <.001 
Playstyle ‐.0802173 .007 
CN_Disrupt .0406724 .061 
CN_Nintendo .2030133 <.001 
CN_EA .0584212 .008 
CN_EAS ‐.0061093 .835 
CN_Sony .0960688 <.001 
CN_Mid ‐.0490740 .023 
CN_Capcom .0143545 .533 
Plat_Low ‐.1878855 <.001 
PB_Plat .0895916 .025 
PB_Genre ‐.1165707 .017 
PB_Play ‐.1421730 .015 
PB_Brand .0000000 .981 
PB_3P ‐.1720006 <.001 
PB_Netwrk .0000000 .225 
PB_ESRB .2562651 <.001 
PBM_Play .1505310 .014 
PBM_Plat .0000000 .908 
PBM_Genre .0000000 .374 
PBM_Brand .0000000 .631 
PBM_3P .0855769 .074 
PBM_Net ‐.0921626 .038 
PBM_ESRB ‐.1206387 .029 

 
For developers, inclusion of direct and moderated effects for breadth improves overall 

explanatory power of the model.  AIC (2000.658) and BCC (2050.366) each improve from the 

control only model.  The inclusion of breadth effects increases variance explained by 1.1%. 

 Table A.79 – Breadth Model Fit, Developers 

Model Predictors p-R2 AIC BCC 
Control 14 .19 2005.25 2054.446 
Final Model 24 .201 2000.658 2050.366 
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Examination of breadth and moderated breadth on score produces a number of significant 

results for developers.  While measures for breadth experience with third parties (p=.093), 

network (p=.1) and branded (p=.136) are retained in the final model, none reach significance.  

Nonetheless, removal of these predictors worsens overall model fit.  Four of the direct measures 

and three moderated measures, however, reach significance. 

Examination of the interaction charts below demonstrate that two of these relationships 

support the contention of H4B.  For Platform (B=-.153, p=.013 direct and B=.205, p=.037 

moderated) and playstyle (B=-.183, p=.009 direct and B=.254, p=.012 moderated) experience, 

increased breadth is important when complexity is high.   The lone exception is genre (B=.182, 

p=.008 direct and B=-.3, p=.007) experience, for which increased breadth extracts a substantial 

cost when complexity is high.  H4B is, therefore, supported for developers. 

  Figure A.21 – Developer Platform Breadth and Complexity 
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 Figure A.22 – Developer Playstyle Breadth and Complexity 

 
 
 Figure A.23 – Developer Genre Breadth and Complexity 

 
 

Interestingly, at low complexity, the relationship of breadth does not seem to be a 

substantial predictor for any of the three measures.  Given that the prediction of H4B is actually 

negative, these results are not supportive of H4B. 

   

  



   

376 

Table A.80 – Developer Breadth, Standardized Coefficients 

  Std.est. p-value 
Genre_High .1175152 <.001 
ThirdParty ‐.1120863 <.001 
Branded .1569765 <.001 
Networked .1539026 <.001 
DevNew ‐.0860707 .16 
Playstyle ‐.0860581 .004 
CN_Disrupt .0492572 .024 
CN_Nintendo .1625372 <.001 
CN_EA .0606655 .007 
CN_EAS .0986709 <.001 
CN_Sony .0721648 <.001 
CN_Mid ‐.0436744 .044 
CN_Capcom .0496252 .025 
Plat_Low ‐.1913093 <.001 
DB_ESRB .0000000 .75 
DB_Plat ‐.1531683 .014 
DBM_Plat .2052896 .037 
DBM_Genre ‐.3004986 .007 
DBM_Play .2539761 .012 
DBM_Brand .0000000 .51 
DBM_3P ‐.1402679 .093 
DBM_Net .0000000 .824 
DBM_ESRB .0000000 .878 
DB_Netwrk .0576371 .101 
DB_3P .1123613 .05 
DB_Brand ‐.0440608 .136 
DB_Play ‐.1827107 .009 
DB_Genre .1822119 .007 

 
 
 

Hypothesis 4A – High Complexity 

In high complexity settings, the generalist is expected to outperform the specialist.  In 

terms of breadth measurement, this would manifest as a positive relationship between breadth 

and score.  Inclusion of these parameters improves AIC (-32199) and BCC (-32137) while 

adding roughly 12% to the variance of score explained. 
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 Table A.81 – Breadth Model Fit Statistics, Publishers in High Complexity 

Model Predictors p-R2 AIC BCC 
Control 14 .413 -.32376 -32314 
Final Model 19 .534 -32199 -32137 

 
For publishers, managing developers in high complexity settings, increased breadth 

appears to have mixed benefits.  Increased breadth in platforms (B=.123,p=.027) is positively 

associated with score.  Conversely, increased breadth in genre (B=-.157, p=.038) is negatively 

associated with score.  It appears that, when managing highly complex projects, publishers are 

served well to generalize across a number of platforms, but specialize in a limited number of 

genres.  This provides additional support in line with H4A. 

 Table A.82 – Breadth Standardized Coefficients, Publishers in High Complexity 

  std.est. p-value 
CN_Nintendo .3318502 <.001 
CN_EA .1167275 .157 
CN_EAS .0746036 .726 
CN_Sony .1912380 .013 
CN_Mid .0724770 .404 
CN_Capcom ‐.0052887 .954 
Genre_High .0814305 .118 
ThirdParty ‐.1666279 <.001 
Branded .1096062 .003 
Networked .1302869 .014 
DevNew ‐.0703327 .04 
Playstyle ‐.1200494 .019 
CN_Disrupt .0608517 .396 
Plat_Low ‐.2239032 <.001 
PB_3P .0000000 .997 
PB_Genre ‐.1569774 .038 
PB_Brand .0000000 .672 
PB_Play .1299887 .108 
PB_ESRB .0450087 .449 
PB_Netwrk ‐.1513374 .077 
PB_Plat .1232849 .027 
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For developers working in high complexity settings, the situation is less clear in this 

subset analysis.  Inclusion of the breadth predictors reduces AIC (-32041) and BCC (-31979).  

The breadth predictors add roughly 16% to the variance explained. 

 Table A.83 – Breadth Model Fit Statistics, Developers in High Complexity 

Model Predictors p-R2 AIC BCC 
Control 14 .413 -.32376 -32314 
Final Model 21 .579 -32041 -31979 

 
However, none of the predictors reach significance.  P-values range from a low of .229 

(platform) to a high of .936 (ESRB).  Various iterations failed to find an item deletion solution 

which would improve on AIC or BCC and bring a predictor to significance.  Ultimately this 

implies that, while something is occurring with developer breadth of experience at this level of 

complexity, the data will not enable an interpretable analysis.  H4A is therefore unsupported for 

developers within this subset. 

 

Hypothesis 4B – Low Complexity 

H4B posits that, at low levels of complexity, specialist firms will outperform generalist 

firms.  This is expected to manifest as a negative relationship between breadth measures and 

score.  This subset analysis examines these relationships among the low-complexity projects 

(n=1295). 

For publishers, working in low complexity settings, inclusion of breadth predictors 

improves the overall model fit (AIC=-75114, BIC=.75093).  The addition of the breadth 

predictors adds roughly 1% to the variance explained. 
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Table A.84 – Breadth  Model Fit Statistics, Publishers in Low Complexity 

Model Predictors p-R2 AIC BCC 
Control 14 .257 -75577 -75556 
Final Model 20 .268 -75114 -75093 
 

Ultimately, three predictors reach significance at low levels of complexity.  Third party 

(B=-138, p<.001) experience is a negative predictor as is playstyle (B=-.102, p=.037).  ESRB 

(B=.188, p<.001) is a positive predictor of score. 

 At low levels of complexity, the publisher is best served to specialize in their third party 

(either external IP or internal IP, but not both) and playstyle (either single player or multiplayer, 

but not both) offerings.  Alternately, for ESRB ratings, publishers who focus broadly across 

demographic segments outperform those who specialize.   Playstyle and Third Party findings are 

directly in line with the predictions of H4B lending support to H4B for publishers. 

 Table A.85 – Breadth Standardized Coefficients, Publishers in Low Complexity 

  Std.est. p-value 
CN_Nintendo .2050038 <.001 
CN_EA .0629203 .022 
CN_EAS .0098406 .787 
CN_Sony .0959182 .003 
CN_Mid ‐.0711413 .017 
CN_Capcom .0407339 .152 
Genre_High .1685820 <.001 
ThirdParty ‐.0857174 .003 
Branded .1586665 <.001 
Networked .1778589 <.001 
DevNew .0060758 .932 
Playstyle ‐.0557127 .111 
CN_Disrupt .0514073 .078 
Plat_Low ‐.2003556 <.001 
PB_3P ‐.1379008 <.001 
PB_Brand .0000000 .333 
PB_Play ‐.1021545 .037 
PB_ESRB .1882390 <.001 
PB_Netwrk .0037788 .841 
PB_Plat .0450849 .325 
PB_Genre ‐.0760512 .179 
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For developers operating in low complexity settings, inclusion of the developer breadth 

models worsens overall model fit.  AIC (-77861) and BCC (-77840) worsen from the baseline 

model.   No iteration of item deletion for developer breadth improved on model fit or identified a 

significant predictor.  Therefore, for developers operating in low complexity settings, this subset 

analysis offers no support for H4B. 

 Table A.86 – Breadth Model Fit Statistics, Developers in Low Complexity 

Model Predictors p-R2 AIC BCC 
Control 14 .257 -75577 -75556 
Direct Model 21 .222 -77861 -77840 
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