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Abstract

New product development (NPD) is a key activity for generating and sustaining a
competitive advantage for firms. Many business processes aim for standardization and repeatability
(e.g. manufacturing) and can be modeled using “paths” or sequences of events. However, in NPD,
the analogy of a “path” is less applicable because there are many interdependent and multi-
disciplinary tasks, many of which are novel. This dissertation explores the issue of how to model the
NPD process. Particular attention is devoted to examination of the NK model—a popular model
of interdependent nodes in a network—and its applicability as a potential framework for modeling
NPD activity. First, the assumptions that underpin the NK model are reviewed. Several of these
assumptions are not congruent with real world NPD. The NK model is then adapted to account for
experimentation costs and exploration of the design space. It is shown how the search for a better
product configuration is moderated by these two factors. Next, the NK model is extended for NPD
by incorporating two realities of NPD management: 1) generally, knowledge exists regarding
whether a dependency between components is complementary or conflicting in nature and 2) the
outcome of design changes are uncertain, but not entirely random. It is shown that the nature of
dependencies within a system is more important than the sheer number dependencies or interactions
in a system. It is also shown that product improvements are less rapid than the original NK model
would suggest. Lastly, the organizational structure of an NPD project is analyzed to assess its
impact on the modeling of such a project. It is shown that the co-evolutionary nature of multiple,
interdependent teams are more appropriately modeled using the NKC model, a variant of the
original NK model. It is shown that the degree to which teams are coupled has a significant
influence on project outcomes—a result that is not evident with the original NK model. A heuristic
that helps to overcome the unstable nature of tightly coupled design teams is proposed. A

discussion of the theoretical and managerial implications of the research concludes the dissertation.
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"When a product plan receives senior management approval...it would seem that all product engineering
has to do is implement the plan. Were it that simple, the tension and pressure in product development
would be greatly diminished. But it is not.” (Clark & Fujimoto, 1991)

Chapter 1: Introduction

New Product Development (NPD) is an important activity for firms because successful new
products drive growth and offer competitive advantage. However, NPD is often not successful. In
fact, there is a substantial body of evidence that suggests NPD is a difficult endeavor. For example,
a recent survey of 277 communications firms revealed that half of the firms exceeded their budgets
in NPD, while 42 percent of firms indicated that there were delays in launching products. Further,
70 percent of the firms surveyed halted the development of new projects (Morelli & Van den
Biggelaar, 2009). Difficulty in NPD extends to other industries such as pharmaceuticals (Gupta,
Pawar, & Smart, 2007) and defense (Bar-Yam, 2003). The Government Accountability Office has
been highly critical of Department of Defense development projects and issued a report, citing
widespread cost and schedule breaches across the Department (United States Government
Accountability Office (GAO), 2009).

Considering the evidence which suggests that there is significant room for improvement in
NPD, a natural question arises: why these problems? Can we attribute poor results to poor
management? Or have goals and objectives been overstated and overpromised during the early
phases of projects? Perhaps changing requirements are to blame? One recent argument posits that
a fundamental reason why NPD projects are difficult is due to complexity (Bar-Yam, 2003).

A more thorough review of complexity will be undertaken in the literature review of this
dissertation, but at this point let us recognize that complex systems exhibit a property of non-
linearity. Non-linearity is a characteristic of complexity, but it is the dependencies between parts of
a system that lead to complexity and its outward manifestations. In other words, small changes in

one part of the system can lead to disproportionate changes in other parts of the system. In turn,



this non-linearity often leads to seemingly erratic and unpredictable changes during the NPD
process, especially when non-linearity is not acknowledged by managers and engineers. These
"surprises” and seemingly erratic perturbations in the development process are often frustrating for
those involved in the NPD effort. Thus, while the behavior of the final product itself is (hopefully)
not complex—in that it is well understood and predictable in most regimes—the development process
of the final product is very much a complex system and serves as the fundamental motivation for

this research effort.

1.1. Research Questions, Approaches, and Methods

Significant learning is possible when questions are asked and then investigated. The
questions that motivated this research and learning stemmed from a notion that many models of
new product development fail to account for complexity. The main question was, "Is it possible to
use complexity science to inform NPD?" Significant time was initially spent researching and reading
about complexity and its central tenets of non-linearity, sensitivity to initial conditions, and emergent
behavior, among others. One model of complexity—Kauffman's NK model (Kauffman, 1993)—
kept surfacing in the research on complex systems. This led to another question: "Can the NK
model be applied to the domain of NPD?" The answer to this question appeared to be "yes", but
further research on the NK model revealed that some aspects of the NK model might not be
congruent with the contextual realities of NPD. Therefore, we asked, "Are there modifications that
could be made to the NK model in order to make it appropriate for the study of NPD dynamics?"
Finally, we asked, "What insights for NPD can be gleaned from modeling NPD as a complex
system?"

After a thorough review of literature, an initial modeling effort was undertaken to better
understand how the NK model works. This initial effort led to new insights regarding the NK
model. Building upon this first effort, two additional modeling efforts were undertaken to examine
how a deeper understanding of the NK model and NPD could be used to build a better model of
NPD within the framework of the NK model.

1.2. Dissertation Outline

What follows is a top-level outline of this dissertation. Chapter 2 provides a review of the
extant literature. In the literature review, three intersecting streams of research germane to this

dissertation are presented and discussed. First, new product development is discussed, with a



particular focus on models of the NPD process. Then, research on complexity science is presented,
with some attention given to general properties of complexity, and significant attention devoted to
describing Kauffman's NK model of complexity. The third area of research reviewed and presented
centers on product and organizational architectures, in the context of new product development.
Chapter 3 presents the first modeling effort that was conducted as part of this work. It investigates
how costs and experimentation in the NPD environment might be modeled in the NK model
framework. This investigation leads to a better understanding of how the NK model can be adapted
to model the NPD process. In Chapter 4, the NK model is adapted to model two specific
contextual elements of NPD: 1) knowledge of complementary versus conflicting dependencies
between parts of an NPD project and 2) uncertainty regarding the outcomes of specific design
changes. Chapter 5 models NPD as a co-evolutionary process of interacting work teams. This
modeling effort is based on a variant of the NK model known as the NKC model (Kauffman &
Johnsen, 1991), and investigates specific questions regarding team size and the number of teams on
an NPD project, as well as how the structure of inter and intra team dependencies affect NPD
project outcomes. Chapter 6 concludes by outlining several insights from this work that inform
NPD theory as well as insights for the practice of NPD strategy and management. Also included in
this summary are limitations of the current work and recommendations for future work that could
benefit the NPD research literature.

Salient contributions of this work include qualitative and quantitative analyses of the NK
model which generate new understanding regarding how the NK model may be extended and
adapted to capture the realities of NPD. We also reveal that the NK model, despite its popularity
and widespread acceptance in the research community for modeling interacting elements or
decisions, is ill-suited for modeling NPD projects in which the work is organized into multiple sub-
teams. Instead, we show that a lesser-known variant of the NK model—the NKC model—is
actually a more appropriate choice for modeling NPD projects organized around sub-teams.
Patterns of troubled NPD projects, such as excessive design iterations and development times, can
be effectively simulated using the NKC model which allows us to further understand how such

patterns emerge.



"Someone should be studying the whole system, however crudely that has to be done, because no

gluing together of partial studies of a complex non-linear system can give a good idea of the behavior of
the whole.” (Gell-Mann, 1995)

Chapter 2: Literature Review

This chapter outlines the background and the impetus for this research by closely examining
the literature. Because the process of developing new products is a cross-functional effort, involving
several overlapping disciplines, two areas of literature will be examined in order to properly evaluate
and frame the domain space for this research. First, a general review of new product development
will be conducted. Then, a related literature of complex systems will be reviewed, with an in depth
discussion of the NK model of complexity (Kauffman, 1993). Finally, these two topics will be
synthesized into key conclusions, which will lay the foundation for a deeper understanding of how
ideas from complexity science can potentially inform NPD modeling and, in turn, the practice of

NPD.

2.1. New Product Development

In the most traditional approach to NPD, systems and products are developed in a series of
sequential stages in which information gained in one stage is then passed to the next stage in the
process (Oakley, 1984). This paradigm results in the proverbial "over-the-wall" syndrome illustrated
in Figure 1, which leads to longer product development times and increased number of engineering
changes late in the process (Jarratt et al., 2011). A fundamental reason for these problems is implicit
in the term "over-the-wall"—lack of teamwork leads departments to not communicate or
understand problems encountered by other departments until late in the process, forcing late design

changes and schedule delays.
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Figure I. Traditional “over-the-wall” approach to NPD

In an effort to overcome the problems with the traditional sequential approach, the stage-
gate approach was introduced (Cooper, 1990). The stage-gate approach (see Figure 2) to NPD is a
marked improvement over the traditional sequential NPD process. A significant advantage of the
stage-gate process is that, in each stage, information is gathered and shared between functional
departments (R&D, marketing, manufacturing, etc) to advance the project to the next phase.
During each stage, parallel activities are being worked on by different functional areas. By sharing
information between parallel activities early in the process, the goal is to uncover problems earlier in
the process and, thus, drive out technical uncertainty sooner, when it is more effective (in terms of
cost and schedule) to do so. Additionally, using the stage-gate process, unpromising or poor

projects can be rejected in the early stages before more costs accrue.
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Figure 2. Diagram of Stage-Gate framework for NPD (source: Cooper, 1994)

The stage-gate NPD process has been adopted by many organizations and is widely taught in
project management courses because it can help focus an organization's efforts on large, complex
projects, and prevent bad projects from proceeding. However, the nature of parallel activities is
non-trivial as highlighted in the introduction to this proposal. This is because changes in one
activity are subject to uncertainty and can cause changes in other activities which are often

disproportionate in magnitude.



A recent trend in the NPD literature directs attention to the decisions that are required to be
made during the process of developing a new product or system. Because decision making is not
specific to NPD, this literature is multi-disciplinary in nature, borrowing concepts and notions from
several fields such as marketing, finance, and engineering. A seminal paper in this literature
(Krishnan & Ulrich, 2001) reviewed over 200 papers in the field of NPD and then espoused a view
of NPD as a sequence of decision-making. Underscoring the importance of decision-making in
NPD, several key studies have examined the psychology of making decisions in a managerial context
(Kahneman & Tversky, 2000; Lovallo & Kahneman, 2003; Lovallo & Sibony, 2006). A common
theme to these papers concerns managing risk and uncertainty when faced with a decision, yet they
also conclude that decision makers, in reality, are often overly optimistic and biased, which can
obscure the decision making process and the associated outcomes.

In addition to the stage-gate framework of product development, other frameworks exist
which have been influential in shaping how NPD is conceptualized. For example, two of the most
popular modeling frameworks that have been applied in the domain of NPD are PERT/ CPM!
(Elmaghraby, 1995) and IDEF* (Menzel & Mayer, 2006). However, in an important piece of
research on the topic of modeling NPD, it is argued that frameworks such as PERT/CPM and
IDEF are more appropriately applied to business processes such as manufacturing rather than NPD
(Browning et al., 2006). This argument is made based on the significant differences that exist

between NPD and other business processes, such as:

e Most business processes aim for repeatability whereas NPD is characterized by an attempt to

create something new, and

e Most business processes are functional in nature while NPD is multi-disciplinary.

Hence, the authors conclude that a network or web is a better way to think of NPD, as opposed
to a chain or path. Itis further argued that, because NPD processes are characterized by ambiguity,
uncertainty, and interdependencies, NPD processes are extremely complex and challenging to
model. Finally, the authors conclude that processes can be understood better by the constituent
parts and interactions in the process (Browning et al, 2006). The notions of networks and
interdependencies among parts of a system or process lead us to next examine the related literature

of complex systems.

*PERT: Project Evaluation and Review Technique; CPM: Critical Path Method
* Integration Definition



2.2. Complex Systems

In Herbert Simon's seminal work, The Science of the Artificial, he describes complex systems as
being comprised of "a large number of parts that interact in non-simple ways" (Simon, 1969, pg.
195). In Simon's definition, "non-simple" implies that interactions among elements of the system
are uncertain and, as a result, often produce surprising, unanticipated outcomes at the system level.
These unanticipated outcomes are a hallmark of complex systems, and are often called "emergent
behaviors". The notion of emergence suggests that while the behaviors of a given system may be
determined and driven by the system's basic elements, some behaviors can only be observed at the
system level. Thus, in the study of complex systems it is not sufficient to only study and understand
the properties and behaviors of a system's constituent elements.

As an example of a complex system, consider the multitude of interactions in the climate
system. The falling rain influences the growth of plants, which subsequently transpire moisture back
to the atmosphere. The water vapor in the atmosphere forms clouds which interact with solar
radiation that affects the growth of plants. Additionally, temperature variations generate variations
in pressure which gives rise to wind; the wind helps regulate the circulation of oceans; and the
oceans, in turn, influence the temperature (Rind, 1999). One can imagine many more interactions
that exist within the global climate system and the study of any individual aspect of this system—the
wind, the rain, the temperature, etc.—cannot give us an understanding of the global climate system.

In addition to natural systems, complexity exists in man-made systems and societies. Stock
markets provide a good example of complex systems that have far reaching impacts. The "building
blocks" of a stock market are the individual traders. While a large number of traders contribute to
the complexity of the system, it is not the sheer number of traders in the market that makes the
system complex. Again, the critical issue is the interaction between traders, through the mechanisms
of buying and selling securities. And, while we may understand the behavior of how an individual
trader behaves, we cannot anticipate the behavior of the overall system due to the many interactions
between heterogeneous agents which produce behaviors only seen at the system level.

Another salient characteristic of complex systems is that relationships and interactions are
often non-linear in nature. In other words, small changes in one part of the system can have a large
impact on the overall system. Sometimes this non-linearity in complex systems is referred to as the
"butterfly effect". The term "butterfly effect" is most commonly associated with weather

predictions, and is related to the notion of sensitivity to initial conditions. Edward Lorenz, in



particular, was fascinated with the study of weather and he developed a mathematical model of the
weather. One day, Lorenz wanted to re-examine some of the output from his model, and instead of
restarting the entire simulation, he restarted the run in the middle of the simulation, in an effort to
save time. However, instead of re-entering the full six digits of data that the computer was using, he
used the three digits found on his print out (three digits were used to save space). This seemingly
small modification to the data led to very different results in the simulation output (Lorenz, 1995).
After verifying that the different results were not a result of a computer malfunction, Lorenz
concluded that long-term weather forecasting was going to be a very difficult proposition. And so it
is with complex systems that non-linear dynamics make such systems very sensitive to initial
conditions (Strogatz, 2001).

In reviewing the literature on complexity, it is important to distinguish what is complex and
what is merely complicated, as the terms are often mistakenly interchanged. In complicated systems,
a large number of parts interact in predictable ways, and redundancies are built in to the system to
handle failures of individual components. For example, an automobile or a modern day jetliner
contains thousands, if not millions, of parts but the system behaves in predictable ways (thankfully!)
under almost all operating conditions. So, it is not the #umber of parts that makes a system complex.
Instead, in complex systems it is the non-simple interactions between the parts that gives rise to
complexity (Ottino, 2003).

Regarding the parts of complex systems, the individual building blocks of a complex
system—the components, elements, or agents—are able to sense and exchange stimuli with one
another, and adapt to their environment. This ability to sense and react leads to a property of
complex systems referred to as adaptability. As agents make choices, their actions have an influence
on other agents in the system who, in turn, adapt their behaviors and actions in response to their
altered environment (Holland, 1996). Thus, the behavior of complex systems is also evolutionary in
that the system has a history which is predicated on the past behaviors of agents in the system. An
entire literature on complex adaptive systems has developed and grown in popularity over the past
few decades (Holland, 1996). The study of social-ecological systems (Ostrom, 2009), for instance,
draws upon the ideas of complex adaptive systems to examine some of the world's most challenging
problems such as sustainability and how decisions made by many actors or agents bear upon this
challenge.

The evolutionary and adaptive nature of biological systems served as the motivation for what

has become one of the most popular models of complexity today—the NK model (Kauffman,



1993). The foundation for investigation into NPD in this dissertation draws heavily on Kauffman's

NK model and, therefore, this model is now described in more detail.

2.3. Kauffman’s NK Model

Stuart Kauffman, a theoretical biologist, developed a model to investigate the problem of
DNA sequence evolution. In The Origins of Order (Kauffman, 1993), Kauffman outlines the NK
model which has two primary features. The first feature is a stochastically generated fitness
landscape, on which "higher peaks" correspond to better solutions or combinations of elements.
The second feature is the agent(s) that search a given landscape in an effort to improve their
"fitness" (performance).

Constructing the Landscape. In the model, Kauffman uses two parameters, N and K, to
generate the fitness landscape. The parameter IN represents the number of components in a given
system and is characterized as a string of N binary digits.” The value of each digit in the string
describes a specific variant of each component. Thus, for a system comprised of N components,
the number of possible configurations of the system grows exponentially in [N as:

# of configurations = 2N

The second parameter in the model, K, describes the degree of interdependence between the
components of a system. Specifically, K represents the number of other components in the system
that affect the effectiveness or fitness value of each component. Thus, the value of K can range
from 0 to N-1 and each component can assume randomly drawn fitness values. Figure 3 shows the
binary string representation of an example system (IN=4) in which each component is affected by 1
other component in the system (K=1). Each component has a value of either 0 or 1, indicating its
state or variant, and the directed arrows show the "epistatic"* or dependent interactions between

COl’IlpOI’lCI’ltS.

3 Each digit can theoretically assume A possible “alleles” but Kauffman restricts his analysis without loss of
generality to systems in which A=2, or systems that can be described as a binary string of N digits.

* Epistasis is a term from the field of genetics and refers to a phenomenon in which expression of one gene
depends on the presence of one or more "modifier genes."



Figure 3. Example of a 4-component system with each component affected by | other component

For instance, the first component affects the function of the second component, while the second
component affects the function of the third and fourth component, and so on.

Another way to conceptualize interactions between components in complex systems is a
matrix representation, similar to the design structure matrix (DSM), introduced in the NPD
literature by Steward (1981). Figure 4 illustrates our example system, this time represented in matrix
form, where an “X” in the matrix indicates the fitness of the row component is dependent upon the

fitness of the column component.

Component
1 2 3 4
=~ X X
c
gl 2
Q.
g| 3 XX
o
Cl a X

Figure 4. Dependency matrix representation of an example system.

The pattern of interactions between components in the system is typically random in the
NK model, which stems from the notion that the interaction effect between components in
complex systems is often unknown (Simon, 1962). In Figure 4, note the row sums are equal to K+1
(2 in this case). However, the column sums are not necessarily equal to K+1, implying, in the
general case, that some components can be more connected and influential than other components.

Continuing with this example, a fitness landscape can be constructed given parameters N
and K, and the dependency matrix. As described by Kauffman, each component "mutation”
(change in state) results in a new component fitness value, f, drawn from the standard uniform
distribution for itself and any components which it affects. For instance, a mutation in the second

component in our example system would result in new, randomly assigned fitness values for itself, as
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well as the third and fourth components. Overall fitness, F, for a system is given by the arithmetic

mean of all component fitness values in the system:

N
1
F= Nzlfc ()

Table 1 illustrates an example of all fitness values that could result from the epistatic

interdependencies for all possible configurations of component states.

Configuration Component Fitness Overall
Fitness

0000 0.2769 0.0462 0.0971 0.8235 | 0.3109
0001 0.2769 0.0462 0.0971 0.0344 | 0.1137
0010 0.6948 0.0462 0.9502 0.8235 | 0.6287
0011 0.6948 0.0462 0.9502 0.0344 | 0.4314
0100 0.2769 0.3171 0.7655 0.7952 | 0.5387
0101 0.2769 0.3171 0.7655 0.6463 | 0.5015
0110 0.6948 0.3171 0.4456 0.7952 | 0.5632
0111 0.6948 0.3171 0.4456 0.6463 | 0.5260
1000 0.4387 0.3816 0.0971 0.8235| 0.4352
1001 0.4387 0.3816 0.0971 0.0344 | 0.2380
1010 0.1869 0.3816 0.9502 0.8235| 0.5856
1011 0.1869 0.3816 0.9502 0.0344 | 0.3883
1100 0.4387 0.4898 0.7655 0.7952 | 0.6223
1101 0.4387 0.4898 0.7655 0.6463 | 0.5851
1110 0.1869 0.4898 0.4456 0.7952 | 0.4794
1111 0.1869 0.4898 0.4456 0.6463 | 0.4422

Table |. A sample instance of a stochastic fitness landscape for the example system described in Figures 3 and 4.

Searching the Landscape. The second salient feature of the NK model involves an
agent(s) searching on fitness landscapes such as those described above. An agent searching a given
fitness landscape does so using trial-and-error, in which one component is mutated at random. If,
after the mutation, the agent finds the new system fitness value is greater than its current fitness
value, the agent "moves" to the new configuration (position on the landscape). If the mutation does
not yield a higher system fitness value, the agent retains its previous configuration and mutates a
different randomly selected component. Search stops when no greater fitness values are available by
mutating one component in the system. Simon notes that this type of local trial-and-error search is
congruent with how biological evolution and selection occurs through mutation (Simon, 1969).

Kauffman's original intent in developing the NK model was to build a model of complexity
that could be tuned with a single parameter. The parameter K, the degree of interaction between

components, is the parameter used to adjust the "shape" or "topography" of the landscape. In the
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extreme case, where K=0, each component is independent of all other components in the system
and, thus, there is one globally optimal configuration of components. However, the search becomes
non-trivial for values of K > 1, as searches will often terminate at a local optimum due to changes in
one bit causing changes in K other bits which frustrate the search.

For example, in Table 1, the string "1100" is a local optimum because each of its "one-
mutant neighbors" is of a lower fitness value. Thus, in a context of organizational decision making,
one can see how this model of complexity using the K parameter could model conflicting constraints
and the propagation of changes to other parts of the organization or system.

In addition, by generating a large number of simulated fitness landscapes, and adjusting the
K value, Kauffman also found the number of local optima in the landscape increases exponentially
in K. Thus, for higher values of K, the landscape is characterized as being more "rugged" and
searching agents will terminate their search at a local optimum with greater frequency. Perhaps most
significantly, Kauffman found that the highest mean fitness values for systems of size N > 8 tended
to exist in systems where K was approximately equal to 3, even as IN increased to larger and larger
sizes. This implies that there are advantages at a moderately low level of complexity. In other
words, complete system decomposition was not found to be optimal, and complete integration of
system components (K=N-1) leads to a "complexity catastrophe". A complexity catastrophe is the
effect of higher complexity (K) leading to increasingly rugged landscapes with local peaks that
proliferate in number and are less differentiated from the overall landscape (Kauffman, 1993).

For a more thorough treatment of Kauffman's NK model, the reader is referred to
additional research (Altenberg, 1997; Frenken, 2001) in which statistical properties of the landscapes,

algorithms for generating landscapes, and search algorithms are discussed in more detail.

2.3.1. NK Model Applications in Organizations and Strategy

Levinthal (1997) is often credited with introducing the NK model to the field of
organizational strategy. He posits that organizational adaptation and population level selection are
interrelated and he draws upon the McKinsey 7S framework (Waterman et al., 1980) to argue that
mutually reinforcing policies do exist within organizations. Citing literature in the field of
evolutionary economics, Levinthal also notes that Milgrom and Roberts (1990) explored the
significance of complementary interactions when deciding upon product lines, manufacturing
strategies and technology. Levinthal then uses the NK model to examine two processes of change

in organizational form, using the N parameter to define the number of attributes in the
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organizational form and the K parameter to define the degree that the fitness contributions of a
given attribute of organizational form depends on other attributes. The two processes examined are
1) local search (incremental change) as described by Simon (1969) and Kauffman (1993) and 2) /long
Jumps (radical change) in which organizational attributes (components) can be mutated (changed)
more than one at a time. Modeling organizations using the NK model, in which organizations
employ local search and long jumps, Levinthal reported findings at the organizational (individual
firm) level and the industry (population) level that have been further explored and extended by other
researchers.

For individual firms, Levinthal (1997) found that local search is path dependent . In other
wortds, the current state, or configuration, of an organization is largely dependent upon its previous
state(s), because only one element of the organization is changed at a time. This is congruent with
the notion of local optima in Kauffman's NK model because the local optimum found is highly
dependent upon the starting position of the organization. Eisenhardt's (1988) empirical research on
institutional theory lends support to this finding, in that the conditions in place at an organization's
inception were found to highly influence the decisions made regarding compensation policies.
Other researchers (e.g. Anderson, 1999; Dooley, 1997) have noted that a hallmark of complex
systems is their sensitivity to initial conditions. Thus, the sensitivity of organizational performance
to initial decisions or resources is important in characterizing organizations as complex adaptive
systems. Complex adaptive systems are a class of complex systems in which interacting agents learn
and adapt. Most organizations, thus, can be thought of as complex adaptive systems due to being
composed of agents who learn and adapt based on their experiences and interactions.

The value of K in the NK model indicates the degree of interdependency, or coupling,
between components in a given system. For organizational modelers, the K parameter not only
tunes the landscape itself, but has implications for the agents searching the landscape and overall
industry dynamics. Similar to Kauffman's assertion (1993), Levinthal (1997) argues that in situations
when the value of K is high, a higher number of organizational forms emerge due to the presence of
more local optima in the landscape. Especially interesting is Levinthal's examination of changing
fitness landscapes which were implemented by re-specifying the landscape midway through each
simulation run. In these dynamic environments, high values of K were also found to lead to reduced
survival rates for organizations because tight coupling of elements (high numbers of epistatic
interactions) causes difficulty in performing local search due to the rugged landscape. This implies

that organizations may need to experiment with long jumps (radical change) as well as local
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adaptation in order to survive in dynamic environments as noted by Brown and Eisenhardt (1998).
However, finding a balance between incremental improvement (exploitation of current
opportunities) and radical change (exploration of future alternatives) is not a trivial matter (March,
1991; Tushman & O’Reilly, 1996). What the NK model does show, however, is that in complex
environments (high values of K), where decision dependencies are numerous, search efforts for
improvement using incremental change are exhausted relatively quickly and more radical search
becomes critical for escaping local optima (Kauffman, 1993; Levinthal, 1997).

Kauffman's specification of the NK model provided for random assignment of the K
interactions of equal strength between components of the system. Two sets of organizational
researchers, using the NK model, modified this assumption to explore the effects of decision
interaction structures. First, Ghemawat and Levinthal (2008) hypothesized that some choices
organizations make may be more strategic than others and that there are temporal connections
between choices. Specifically, they examined the effect of how components (choices) interact when
not all components (choices) have the same number of connections to other components (choices).
By then presetting or "seeding" varying numbers of the more highly connected (more strategic)
components to their globally optimal fitness values, they investigated the importance and
effectiveness of strategic planning. They found that as a greater number of strategic choices were
set to their global optimum, the fitness of the system increased, underscoring the importance of
strategic planning. But, the difficulty of strategic planning in a complex environment was revealed in
that the fitness value of the system did not approach the global optimum until almost all
components (choices) were set to their global optimum. Ghemawat and Levinthal (2008) then
investigated the notion of historical constraints, by seeding choices which vary in their degree of
interaction, with fitness values distant from the global optimum. This relates back to Levinthal's
(1997) argument of path dependence. However, when the interdependencies between components
are not equal, and explicit attention was focused on initial choices, it was found that the deleterious
effect of even one moderately connected component with a poor initial value was profound
(Ghemawat & Levinthal, 2008).

Second, Rivkin and Siggelkow (2007) modified the NK model to explore how different
patterns of interaction within firms affect the search for better decision configurations within the
context of firms. Holding the total number of interactions fixed, they examine 10 different stylized
interaction patterns such as a block-diagonal pattern in which each component interacts with K other

components within its own block and there are no interactions between the blocks. Another pattern
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of interaction they studied was a bierarchical pattern in which components are rank-ordered in terms
of the components they affect. Thus, some components are highly influential, in that they influence
all other components below them, while others affect a small number of other components or none

at all. The block diagonal and hierarchical interaction patterns are graphically depicted in Figure 5.
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Figure 5. Block-diagonal and hierarchical patterns of interaction.

Rivkin and Siggelkow's (2007) research on patterns of interaction in complex systems made
an important contribution with an implication for organizations: the number of interactions is not
the only factor that affects the shape of the landscape on which organizations search and the
consequent measures of fitness and search length. Rather, the distribution of the interactions plays
an important role in defining the landscape topography and can significantly affect the performance
of an organization's search. Specifically, they found that when a system or organization has a
handful of highly sensitive decisions (that is, they are influenced by changes to a large number of
other decisions in the system), then the landscape becomes very rugged and, thus, local search is less
likely to be successful. On the other hand, in patterns such as the hierarchical pattern, in which
there are many uninfluenced decisions, the landscape is characterized by significantly fewer local
peaks, meaning that local search will have a greater chance of continuing before becoming trapped
on a local peak.

Thus far, the discussion of NK landscapes and agents has primarily focused on the
individual firm. Referring back to Levinthal's initial research (1997) on the NK model applied to
organizations, he also found that search and adaptation leads to a few dominant organizational
forms (the highest local optima), when combined with selection forces. This is congruent with
Kauffman's (1993) argument in theoretical biology that combines self-organization through epistatic
interactions with selection forces to yield evolutionary patterns in populations. Similar to population
dynamics from biology, Lenox et al. (2007) use the NK model, combined with a Cournot model of

competition, to explore the interdependency of decisions in value-creating activities at the industry

15



level of analysis. Specifically, they contend that varying levels of interdependency across industries
can explain differing patterns of firm entry and exit, as well as widely varying patterns of industry
shakeout. For industries characterized by complexity (higher levels of interdependency in activities),
a lower incumbent survival rate and a higher entry and exit rate was found. This result stems from
the higher number of local optima that are found, but these optima have little advantage over other
local optima and, therefore, the advantage of survival is not sustainable over the long run. In
contrast, in industries with low interdependency between activities, there are few local optima and,
thus, most competitors end up with very similar products / services that are essentially
"commoditized". As a result, entry and exit is slower, turnover is less severe, and significant
advantage is afforded to survivors in this type of industry. McKelvey (1999) reports a similar finding
that high levels of interdependent activities significantly undermine competitive advantage and the
ability to adapt. Lenox et al. (2007) also examined and reported on the sources of innovation across
industries with differing levels of interdependency in value-creating activities, finding that in
industries with high interdependency, innovation typically comes from new entrants to the market.
Conversely, because of the less severe shakeout in industries with lower interdependency,

incumbents, more often than not, are the source of innovation.

2.3.2. NK Model Applications in New Product Development

Similar to the preceding discussion of organizations as complex systems, a smaller body of
related research using the NK model has focused on exploring new product development (NPD) as
a complex set of decisions. Just as the complexity of coordination regarding strategic decisions
regarding organizational form increases when large numbers of interacting choices exist (Ghemawat
& Levinthal, 2008), Mihm et al. (2003) examine complex product design in the context of distributed
decision making in which engineers make many autonomous decisions to optimize the component
for which they are responsible, and the fact that these decisions do, in fact, interact and influence
other components. Autonomy and interaction between decisions lead to oscillation and engineering
change iteration, a key characteristic in the product development activity. This is because the system
interactions lead to iterations even if each decision maker, or designer, finds its own best design
quickly. In their NK model application to NPD, each individual engineer optimizes their own local
performance measure, but interdependencies cause the performance measures of other components
to change—the number of interdependencies being governed by the parameter K. The contrast of

myopic versus cooperative optimization is explored, and simulations of distributed decision making
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found that a global optimization perspective of designers led to better and faster design solutions
(Mihm et al., 2003). Providing the appropriate incentives for individuals or groups to act in this
manner, however, is not trivial and has been discussed by Rivkin and Siggelkow (2002) in the
context of organizations and fitness landscapes. Therefore subdivision of a product's architecture
into nearly independent subsystems has been employed in environments where communication and
system level optimization perspectives lead to nonlinear feedback between interdependent designers,
design teams, and the components they design. Modularity is one proposed way to reduce the
effective size of the problem space and has also been discussed as loose coupling between
subsystems in a system's architecture (Maier & Rechtin, 2000).

In another line of research at the intersection of strategy and product development, Chao
and Kavadias (2008) investigate strategic decisions regarding resource allocation between
incremental and radical NPD projects. These allocation decisions regarding resources is a paradigm
called "strategic buckets" in which firms make deliberate splits of resources across various
dimensions, one of the most popular of which is the #pe of development dimension (Cooper et al.,
1999). Using the NK model to explore this allocation decision in different NPD environments, it
was found that in complex environments, characterized by many interdependencies within a
product, incremental NPD projects are advantageous because of the higher probability of improved
performance, but only in the short term. In the long term, however, radical NPD can escape local
optima and lead to even better solutions, provided that there is sufficient time to improve
performance between market shifts, which are modeled in a similar fashion to Levinthal's (1997)
shifting fitness landscapes. This tradeoff between short-term versus long-term payoffs is also
discussed as an important concept when modeling and measuring performance in NK fitness
landscapes (Ganco & Hoetker, 2009).

McCarthy et al. (2006) give explicit treatment to describing NPD as a complex adaptive
system. They use a case study methodology to elicit major characteristics of complex adaptive
systems that are congruent with NPD processes. Their empirical observations revealed non-linearity
in NPD, as well as self-organization and emergence. Non-linearity in the context of NPD can
manifest itself as minor changes in one subsystem generating disproportionate levels of required
redesign in other subsystems. To extend their research, they conclude that a possible future
direction for modeling the structural and temporal dimensions of NPD processes could be aided by
the use of the NK model. Thus, while some researchers have employed the NK model in their

research on NPD and engineering design, it appears that it is a relatively nascent field and that there
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exists an opportunity to further explore NPD processes using the NK model or modifications

thereof.

2.4. Summary of Literature Review

This chapter has examined two streams of literature: new product development (NPD) and
complex systems. It is clear from the literature that NPD is a process, characterized by novelty,
decisions, and interdependencies. The notion of interdependent decisions made under uncertainty
suggests that existing linear process models of NPD may not be sufficient and, instead, a different
modeling framework is required (Browning et al., 2006). We also examined the characteristics of
complex systems: emzergence, non-linearity, sensitivity to initial conditions, non-simple interactions, evolution, and
adaptability. When we juxtapose the NPD process with the characteristics of complex systems, we
conclude that the NPD process is a complex system.

Working under the premise that the NPD process is a complex system, we examined, in
some detail, a particular model of complexity—the NK model. On its surface, the NK model
appears particularly suited to the modeling of NPD activities. Specifically, the NK model explicitly
models a process of search for better configurations of decisions, and NPD is not unlike this type of
search activity. Further, this search is conducted on a landscape which is governed by the degree of
interdependency between constituent elements of the system which, again, bears a strong
resemblance to the interdependency found within NPD projects. Finally, in the NK model, search
is conducted by autonomous agents that are generally modeled as being motivated to improve their
own performance, or the performance of the element for which they have responsibility. Different
agent behaviors, representative of real or hypothesized behaviors in the real world, can and have
been implemented and studied in the NK modeling framework.

The NK model, thus, appears to have promise as an appropriate framework for modeling
the NPD process. The remainder of this dissertation explores modifications to the NK model that
may improve its suitability for NPD modeling, given the particular context in which NPD is

situated.
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Chapter 3: Extending the NK Model: Part 1

3.1. Introduction

New product development (NPD) projects are a good example of a complex sociotechnical
system. For instance, consider the development of a new aircraft. Such a project typically involves
hundreds of engineers and managers working in many teams, often organized in a structure similar
to the structure of the subsystems of the product itself—e.g. fuselage, flight controls, wing assembly,
etc. The coordination of these varied teams' efforts can be conceptualized as a complex system in
that individual agents (whether they are actual individuals or subunits such as teams) make decisions
and interact with other agents during the development process. Agent decisions not only affect their
own subsystem's design but very often also influence the relative performance of other subsystems
due to the interactions and dependencies between subsystems. Thus, the development efforts of
each subsystem are at the same time variable and interdependent. This coexistence of variation and
dependency is a hallmark of complex systems across many domains (Shalizi, 2006). And, therefore,
NPD—widely recognized as a source of competitive advantage—can be conceptualized as a
complex system. Further, the evolution of the design process in large NPD projects is typically an
iterative process of frequent, and often irregular, design changes resulting from new/updated
information that becomes available as subsystems are modified. These "surprises" and seemingly
erratic perturbations in the development process are often frustrating for system-integrators and

managers. Thus, while the behavior of the final product itself is (hopefully) not complex—in that it
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is well understood and predictable in most regimes—the development of the final product is very
much a complex system and serves as the fundamental motivation for this chapter.

Many complex systems are biological in nature, and in this chapter we extend to the NPD
domain the NK model (Kauffman, 1993), a model originally developed to study how
interdependency between genes in species lead to patterns of self-organization in an overall
population. The model uses a parameter, N, to describe the number of nodes in a system, and a
parameter, K, to describe the number of interdependencies of each node. During the roughly two
decades since Kauffman published the NK model, management and strategy researchers have
employed the NK model in various ways to explore questions regarding interdependent decisions,
industry dynamics, organizational design, and product development. One long standing by-product
of the industrial revolution was a general conceptualization of organizations as linear "machines"
that could be controlled and predicted (McMaster, 1996). However, management theory recognizes
organizations as complex, dynamic systems (e.g. Forrester, 1958; Galbraith, 1973; Von Bertalanffy,
1968; Wiener, 1948). Thus, the NK model is particularly attractive to management researchers
because it provides a tractable means by which to investigate how different levels of
interdependency between parts of an organization affect overall performance of the organization.

In this chapter, we model explore how the NK model may be applied to the domain of new
product development as a complex system. Specifically, key assumptions in Kauffman's NK model
are challenged and modified to account for dynamics of how novel, large scale, resource intensive
systems are developed. Results are presented, followed by a discussion of implications for
individuals and organizations involved in development of large-scale complex systems. From a
modeling perspective, we find two key dimensions along which the NK model can be extended in
order to more accurately model the contextual realities of NPD: 1) the difficulty and costs associated
with reversing design decisions in large projects and 2) varying levels of willingness to explore the
landscape of possible alternative solutions, despite unpromising initial results, in order to possibly
escape local optima. From a more practical managerial perspective, this study finds that as
complexity increases in a project, as a result of increased dependencies, the increased costs
associated with exploration become have a more pronounced payoff. The investigation and results
of this study are a first step in better understanding how the NK model can be adapted and applied
to better understand and manage NPD projects in the face of complexity.

The remainder of this chapter is organized as follows: in Section 3.2 we briefly discuss a few

of the underlying assumptions in the NK model and contrast those assumptions with the realities of
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NPD. Then, in Section 3.3 we present a model of NPD in which we relax and modify some of the
assumptions of the original NK model and in Section 3.4 we present the results of our model
simulations. Section 3.5 concludes with a discussion of the implications of this research for theory

and practice.

3.2. NK Model Assumptions

It should be noted that previous research articles employing the NK model make two critical
assumptions that are likely to be unrealistic in the context of innovation and new product
development. First, it is assumed agents can explore possible next-steps with perfect knowledge
(and at no cost) before "moving". This is somewhat unrealistic, however, in innovation and new
product development owing to the novelty of the product being developed and the inability to
develop perfect prototypes that can be tested in fully realistic environments. Additionally, large scale
product development efforts are also typically characterized by largely irreversible capital
investments (Dixit & Pindyck, 1994; Ghemawat & Levinthal, 2008). That is, it is not trivial to
investigate a possible direction and then decide to abandon that direction if it does not look
promising. Second, agents are assumed to only move in directions that result in higher levels of
fitness. In the language of new product development, this assumes that organizations do not pursue
any unpromising directions, even though they may be able to find a "higher peak" if they learn about
the landscape through experimentation, and find that by traversing a "valley" they can find a "higher

peak".

3.3. An Extended NK Model for NPD

To explore the nature of decision making in the context of innovative new product
development, Kauffman's NK model is used as a starting point. A simulation model of the
innovation search and product development activity for a new product is represented using a binary
bit string of length 12 (IN=12), each bit representing a decision regarding an attribute of a new
product. However, to examine the performance of the system when the search algorithm does not
allow for comparison of all "next steps", the assumption that fitness must improve at each step in
the search is necessarily relaxed. Relaxation of this assumption serves two purposes. First, it
incorporates into the model the nature of largely irreversible decisions found in the development of
novel new products. In other words, it operationalizes the fact that decision makers are not

necessarily able to foresee how their decision(s) today will impact future performance of the system

21



before a decision is made. And, when the monetary costs of implementing a decision are high, it is
not trivial to "go back" to the previous point to continue the search. It should be noted, at this
point, that the decisions / "moves" in this search are not necessarily irreversible, but rather that any
reversal comes at a cost and, thus, the new configuration serves as the de facto new starting position
for further exploration.

Second, by relaxing the assumption that fitness must improve at each step, it becomes
possible to avoid being trapped on local optima. By accepting the fact that not each step will result
in improved system fitness, a system design may be found that is better than the nearest local
optima. Of course, this comes at some risk, in that a better solution may not be discovered and,
thus, limited time and resources may be expended without any realized benefit. A parameter for this
risk seeking behavior is added to the agent search algorithm that, in effect, puts a tolerance on the
number of total "steps" the agent is willing to take that do not yield fitness value improvement.

The following questions are examined regarding system performance under conditions of
complexity and largely irreversible decision making:

1. How much does it cost to find a satisfactory system design?

2. What is the average fitness value of the final system design?

3. How does the search behavior described above compare to the local-search described by

Kauffman?

To explore these questions, the standard local search algorithm for NK fitness landscapes is

modified and the following algorithm and agent behavior is implemented:

1. A randomly chosen system configuration, serves as the starting design on a stochastically
generated NK fitness landscape

2. At random, one system element (one bit in the binary string) is modified

3. The chosen modification is implemented at a cost modeled by a random variable, normally
distributed® with mean = 1, standard deviation = 0.2

4. If the new system fitness value is greater than the previous fitness value, search continues
from its current location. Otherwise:

a. The "risk tolerance" counter is incremented and search continues from the new

®Cost is modeled as a normal random variable due to lack of any empirical data to suggest otherwise. Future
research could involve modeling cost using other distributions—e.g. Beta, Triangular, etc—if data / literature
suggest that a particular distribution is more appropriate. It should also be noted that in the rare event that a
negative value is sampled from the normal distribution for the cost variable (a case that does not have a physical
interpretation that makes sense), a new random variable is sampled and used instead.
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current position (which is lower than its previous position)

b. If the "risk tolerance" counter reaches the user defined risk tolerance, the system
design reverts back to the system design that had previously yielded the highest
fitness value at a cost modeled by a random variable, normally distributed with mean
= 0.5, standard deviation = 0.1 (It is assumed, here, that there is a rather significant
cost to revert to a previous design.)

5. Once the risk tolerance parameter is exceeded, the search continues as a local search with the
following procedure:

a. 'The agent randomly selects one system element to modify

b. The agent implements the chosen modification at a cost modeled by a random
variable, normally distributed with mean = 1, standard deviation = 0.2

c. If the new system fitness value is greater than the previous fitness value, the agent
continues search from its current location. Otherwise, the agent returns to previous
system design at a cost modeled by a random variable, normally distributed with
mean = 0.5, standard deviation = 0.1

d. Search continues until no further improvement can be made via one-mutant
neighbors

6. Record system final system fitness value and total cost

3.4. Results

Six hundred iterations of the local search algorithm described by Kauffman were run on
stochastically generated NK fitness landscapes (100 iterations for each of 6 values of K). These
results serve as a baseline for comparison with the modified algorithm described in the previous
section. Additionally, 3 values (15, 30, and 45) for the "risk tolerance" were selected, and for each
"risk tolerance" value 600 iterations were run (100 iterations for each of 6 values of K). Recall that a
risk tolerance value of x indicates that x one-bit changes that yield a decline in fitness value will be
tolerated before switching to a conventional local search.

First, results are presented for the average fitness values achieved for each of the 4 search
algorithm variants as a function of K. In Figure 6, it can be seen that Kauffman's results are
replicated, in that higher fitness values are achieved at relatively low values of K, and a "complexity
catastrophe" occurs as the value of K approaches N. However, it is somewhat difficult (and

misleading) to make a comparison of the algorithms based on the results in Figure 6 because as the
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value of K changes, the characteristics of the fitness landscape change. For example, a fitness value
of 0.65 on an NK landscape where K=2 is not the same as a value of 0.65 on an NK landscape
where K=8. This difference results from two facts that are often not noted in the management
literature:
1) Holding N constant, the average fitness value decreases as K increases.
2) As Kincreases, the variance in fitness values decreases with the exception of a small number
of local optima that are higher than those found for low values of K. In effect, as K
increases, there become fewer clear "good solutions" while at the same time, the other local

optima become more inferior.
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Figure 6. Comparison of search algorithm performance with respect to average maximum fitness achieved for
varying risk tolerance values.

Therefore, Figure 7 plots a comparison of a metric that better illustrates the difference
between search behaviors. It can be seen that at the extreme, where K=0, the global fitness value is
always achieved as described by Kauffman. It can also be observed that at K=2 there is a significant
difference between the local search algorithm and the search algorithm where a total of 15 changes
resulting in "negative steps" are allowed. Another observation is that the two algorithms with higher
tolerance for "negative steps" (e.g. values of 30 and 45) yield increased performance over the other
two algorithms as complexity increases. Finally, it is noted that the algorithm that is most tolerant of

"negative steps" (tolerance =45) escapes local optima, but does not consistently outperform the case
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where tolerance =30. This suggests there may be a limit or threshold to how much "learning" by

trial-and-error may be beneficial in an NPD project.
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Figure 7. Comparison of search algorithm performance with respect to percentage of the global maximum fitness
value achieved for varying risk tolerance values.

An investigation into the cost of increased system performance is shown in Figure 8. Here,
it can be seen that in each search algorithm, the cost of search declines as K increases. This result is
due to finding a local optimum faster for higher values of K, simply because there are more local

optima as K increases.
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Figure 8. Comparison of Search Algorithm performance with respect to total cost of search for varying risk
tolerance values.
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It can also be observed that the risk tolerant search algorithms do not decrease in cost with K at the
same rate as the basic local search algorithm. This result stems from the fact that the risk tolerant
algorithms search the landscape for a given number of total negative steps before converting to a
traditional local search, whereas the local search algorithm finds its solution in fewer steps because it
does not explore for possible higher peaks on the landscape and, thus, conserves search cost.
Finally, it can be observed that for the extreme where K=0, the increased cost of search provides no
benefit because there are no local optima to escape and the conventional local search will always find

the configuration that yields the global optimum fitness value.

3.5. Conclusion and Implications

In this chapter, our objective was to begin to examine how the NK model might be used to
understand NPD as a complex set of decisions. To this end, we critically analyzed the NK model
and some of its assumptions. Then, based on our understand of the NK model and NPD, we
modified and extended the NK model to an NPD setting in which 1) firms do not necessarily reject
moves that appear unpromising, but rather can explore the landscape to possibly escape becoming
trapped on local optima and 2) there are costs associated with exploration and the reversal of
decisions.

Viewing the results presented in the previous section in the context of product development,
there are important implications and insights to be gained. First, by exploring the landscape
characterized by multiple product design interdependencies, and recognizing not all "steps" will yield
increased fitness, it becomes possible to escape local optima and eventually achieve higher fitness
values. In a product development context, this suggests that firms can "learn" about the fitness
landscape on which they find themselves by conducting experiments. Not all experiments will
produce promising results, but pursuing some initially unpromising paths can result in finding better
system designs in the long run. Further, the relative system design (fitness) is enhanced through
learning and tolerating "negative steps" as the complexity of the product / system increases.

Second, several researchers (for instance, Levinthal, 1997; Sommer and Loch, 2004) have
demonstrated that local optima can be escaped using a procedure known as distant search, in which
multiple elements of the system are changed simultaneously. In the context of the NPD literature,
this is often equated to radical innovation (as opposed to incremental innovation). However, distant
search (sometimes called long jumps) has the characteristic of causal ambiguity in complex systems.

In other words, when multiple elements of a complex system are changed simultaneously, it is
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difficult to determine which element or combination of elements led to the improvement in fitness.
Thus, if future incremental changes are to be made, it can be difficult to determine which element(s)
should be changed. On the other hand, in the search described in this paper, causal ambiguity is
eliminated. So, while the search may take longer than a distant search, the search provides more
knowledge about the landscape which, in the end, may prove to be more valuable for future product
/ system upgrades.

Regarding the costs associated with search for new product designs, the costs associated
with search are abstracted in their meaning and are assumed to be normally distributed in this paper.
Other distributions may be more appropriate (e.g. Triangular, Beta, Gamma), but an implication of
the results in this paper regarding cost of search is that the cost-benefit tradeoff, in general, becomes
more pronounced as product / system complexity increases. In other words, the increased costs of
a more risk tolerant approach to product development may become more beneficial as the product
complexity increases. This is especially true if we recognize that, as complexity increases, there
become fewer winning (highly differentiated) solutions, so the impact of ot finding a solution that is
high relative to the global maximum can be especially deleterious. Finally, as observed in Figure 6
and Figure 7, there are limits to improvements resulting from increased experimentation. Therefore,
firms should not assume that more comprehensive search (at increased cost) will yield better results.
Instead, there is a threshold where firms gain almost no value from additional search and, thus, are
better served by spending time and money finding the best local optima they can with the
knowledge they have gained about the fitness landscape.

Our study also contributes to the theory of NPD modeling. Specifically, we find that the
NK model, in its original form, is not an "off-the-shelf" model for NPD. For instance, the NK
model does not model the cost of search activity—all decisions and moves are assumed to be free,
which is obviously not the case. We have shown one possible way to model search activity costs in
this study. Additionally, we have shown that the default agent search behavior in the NK model is
not consistent with NPD activity, in that product development is 7#0# a monotonically increasing
process. Instead, some exploration of initially less-fit alternatives is often beneficial and necessary,
and we have explicitly modeled that aspect of NPD in this study.

One of the strengths of the NK model is its ability to produce generalizable results from a
relatively small set of parameters. These results can provide valuable insights into the dynamics of a
complex system such as a NPD project. However, the nature of the generalized results are, at the

same time, one potential limitation of the NK model in that it is not entirely clear how to interpret
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and operationalize the results for specific applications. Thus, future research directions exist in
explorting the development of complex products / systems using the NK model, namely:

Nature of Dependencies. In the NK model (and in this study), all dependencies are assumed to
be of an unknown nature. That is, when a change is made to a given component, each of the other
components which it impacts are assigned new fitness values from the uniform distribution. In
NPD, there is generally some understanding of how components and decisions interact, at least on a
pair-wise basis. We may not be able to accurately quantify the magnitude of the each dependency as
there is always uncertainty associated with each dependency. However, modeling known
complementary dependencies (mutually beneficial) and conflicting dependencies (trade-offs) would
be beneficial to understanding complexity in NPD.

Uncertainty in Decisions. In addition to complete ignorance regarding dependencies, it is
assumed that there is no knowledge regarding the outcome of design changes (mutations) in the NK
model. In NPD, however, a probability distribution other than the uniform may be more
appropriate for modeling the outcome of design changes, due to these changes being conscious,
informed decisions rather than random mutations.

Multiple teams working on the same project. Whether it is multiple sub-teams within a single firm,
or a multi-firm development effort, NPD is often a collaborative effort of multiple teams rather
than one large development team. Thus, it would be beneficial to use the NK modeling framework
as a starting point to link multiple efforts together in order to enhance our understanding of how
coordination impacts NPD outcomes.

These research directions hold promise for further exploring how the NK model might be
applied to an NPD setting and enhancing our knowledge regarding complexity in NPD. Therefore,
the next two chapters of this dissertation are dedicated to rigorous study of these issues in order to
more fully answer our initial research questions: "Is it possible to use complexity science to inform

NPD?" and "Can the NK model be applied to the domain of NPD?"
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Chapter 4: Extending the NK Model: Part 2

4.1. Introduction

As we showed in the previous chapter, the NK model holds potential as a means by which
to study NPD, owing to its ability to produce emergent behaviors at the system level through
interacting decisions. However, to this point we have also seen that the NK model is based on a
few assumptions that do not necessarily align with NPD dynamics. In this study we further examine
and extend the NK model to provide a more realistic model of the NPD process. We do this by
incorporating two important aspects of NPD management in our model: 1) managers and engineers
have knowledge of complementary versus conflicting dependencies’ within an NPD project and 2)
changes to components are subject to uncertain, but not completely random, results. The
examination of these two NPD realities allows us to further the research on NPD using the NK
model because previous research utilizing the NK model concentrated almost exclusively on how
the search behavior of agents (Baumann & Siggelkow, 2012; Chao & Kavadias, 2008; Frenken, 2000;
Lenox et al, 2007; Sommer & Loch, 2004) and the structure of dependencies (Ghemawat &
Levinthal, 2008; Rivkin & Siggelkow, 2007) impacts performance of the organization. Further, the

NK model has received some criticism in its application to organizations due to its somewhat

® Complementary dependencies describe a relationship between two components of a system in which an
improvement to component A leads to an improvement in component B (but is not necessarily a bi-directional
relationship), whereas a conflicting dependency has the opposite effect and can be thought of as a tradeoff. The
use of the term complementary is adapted from the economic literature used to describe complementarities
within economic systems (Milgrom & Roberts, 1990).
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abstract nature. Here we provide a more realistic, yet parsimonious, model of NPD using the NK
framework by modeling the nature of dependencies, and the uncertainty regarding component level
changes within NPD projects.

This study produces three insights. First, we find our extended NK model and simulation
results suggest the nature of dependencies between system elements can moderate the effect of
system complexity: when a system has a low degree of complementary dependencies, system
performance is relatively unaffected by complexity, but when that same system contains a moderate
to high degree of complementary dependencies, system performance increases with increased
complexity. This insight is counterintuitive in that it is widely believed that more dependencies in a
system have a universally deleterious effect. Second, our study highlights that NPD development
times may be longer than the original NK model suggests. When we model component changes
using a skew triangular distribution, as opposed to the uniform distribution specified in the original
NK model, we find development times are longer and system improvements are more incremental.
Finally, we uncover the tension between development time and product quality that is inherent in
NPD, whereas the original NK model suggests that, as complexity increases, development time
decreases. Specifically, we find the level of complementary dependencies in a system not only
moderates the effect of complexity on system performance, but also moderates how complexity
impacts the trade-off between system development time and system performance: when
complementarities are few, as complexity increases, system performance declines but system
development time is reduced; however, when complementarities are many, both system
performance and system development time increase as a function of increased complexity.

The remainder of this chapter is organized as follows. Section 4.2 further critically reviews
the NK model and some of its mathematical constructs that are less applicable for modeling the
NPD process. Section 4.3 describes our extended NK model and methodology. Section 4.4
presents the results of our simulation experiments. Finally, Section 4.5 discusses our findings and

broader implications for NPD theory and practice as well as potential directions for future research.

4.2. NPD and the NK Model

In an attempt to find a competitive advantage, firms constantly engage in efforts to develop
new and better product offerings. Firms undertake many types of activities in search for

competitive advantage including R&D spending (Chen & Miller, 2007), capital investment (Greve,
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2003a), and the search for innovation (Greve, 2003b). Central to these activities is new product
development (NPD), which is essentially a search for winning products in the marketplace.

There is large body of literature that argues search is boundedly rational (Simon, 1969) and
"local" in nature, rather than exhaustive (Greve, 1998). In NPD terms, this implies firms search for
new products that are similar to those they already produce because they already possess the
necessary resources, costs are generally lower for incremental improvements, there are fewer
technical risks, and there is willingness to satisfice (Cyert & March, 1963; Simon, 1979).

Local, or incremental, change in Kauffman's NK model means that only one component is
changed before the overall system fitness is evaluated. Additionally, in Kauffman's original NK
model specification, if the system fitness improves as the result of a change to one component, then
the organization adopts the new configuration and continues searching. However, if system fitness
decreases, the organization chooses a new component to change. Search continues in this manner
until no further improvement can be made via one-component changes. This search process is
equivalent to an adaptive walk (Kauffman, 1993).

Adaptive walks generally end by finding a local optimum, thus there is risk that a firm may
get trapped on a suboptimal local peak. As a consequence, it is sometimes necessary to search more
distantly (e.g. changing more than one component at a time) in order to discover higher performing
regions of the landscape (Levinthal, 1997). Distant search (sometimes called a "long jump") has the
characteristic of causal ambiguity: when multiple elements of a complex system are changed
simultaneously, it is difficult to determine which element or combination of elements led to the
improvement in fitness. If future incremental changes are to be made, it can be difficult to
determine which element(s) should be considered (Rivkin, 2000). For this reason, search agents are
thought to be unable to effectively consider distant search alternatives (Siggelkow & Levinthal,
2005). But, it has been argued that appropriate organizational design may allow for more effective
distant search (Knudsen & Levinthal, 2007). In this study, we restrict our analysis to the widely used
local search strategy described by Kauffman (Kauffman, 1993).

The NK model stochastically generates a performance landscape which agents search for
high-performing configurations of components. We remind ourselves that the original NK model
was developed in the study of evolutionary biology to investigate the role of gene interactions and
mutations in the evolution of genomes. Typically, we think of evolution in a biological sense, but
the development of new products is also evolutionary, in that firms search, through trial and error,

for solutions to a complex search problem defined by interactions among components. As
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discussed in the previous chapter, the NK model would appear well-suited for understanding how
new products evolve and are governed by the factors of size (IN) and complexity (K). However, we
now discuss two additional assumptions which underpin the NK model that are not congruent with

the contextual realities of NPD.

4.2.1. Complementary and Conflicting Dependencies

The first assumption of the NK model that does not align well with NPD is that when
design changes are made to a selected component, which we refer to as the focal component,’ the effect
on dependent components is completely random. In NPD, there is generally some knowledge
about how changes to one component will impact other components. For instance, managers and
engineers typically know whether there will be a complementary and/or conflicting impact on other
components as a result of a change to their own component. Therefore, we implement the
following function to assign values to the dependent components as a function of the focal

component change®:

x' —x
( y+ ﬁ 1-y for complementary (positive) dependency, x' > x
"= x'—x 2)
y y+ ﬁ =y for conflicting (negative) dependency, x' > x
ky for complementary or conflicting dependency, x' < x

In equation (2) y"is the new value of the affected component, y is the previous value of the
affected component, x” is the new value of the focal component and x is the previous value of the
focal component.

This method of assigning fitness values to the dependent components specifies that changes
in the dependent components are proportional to the change in the focal component, and is closely
aligned with the notion of structured dependence between components introduced by Solow et al.
(1999). Proportionality, in their model, is defined based on the ratio of the actual change to the
maximum possible change toward either extreme (zero or one). For example, if the focal
component improves from a fitness value of 0.4 to 0.7, it has moved 50 percent of the distance

toward the maximum value of 1 and, therefore, all the dependent components will also move half

"as a opposed to the dependent components which are affected by the change to the focal component

8t should be observed from equation (2) that when the focal component, x, decreases in fitness, the dependent
components retain their previous values because we assume that unsuccessful local changes to components are
deliberately not implemented in the system (or product).
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the distance toward the maximum value of 1. Negative changes are handled in a similar fashion.
Using this method of assigning fitness values to dependent components, Solow et al. (1999) showed
that increases in the value of K do not lead to a complexity catastrophe. A complexity catastrophe is the
effect of higher complexity (K) leading to increasingly rugged landscapes with local peaks that
proliferate in number and are less differentiated from the overall landscape (Kauffman, 1993).
However, Solow et al. (1999) only examined uniformly positive or negative influences; that is, if the
focal component improves, all dependent components also improve. Likewise, if the focal
component declines in fitness, each dependent component also declines in fitness value. In our
model we allow for the reality found in NPD that some dependencies are complementary while
others impose a conflicting constraint which is what often leads to rework and iterations in the NPD

process.

4.2.2. Assignment of Component-Level Fitness Values

Another assumption of the original NK model that does not align well with evolutionary
NPD processes is that design changes to a focal component result in a new fitness value drawn from
the uniform distribution on the unit interval. This assumption implies the outcome of a design
change is completely random. However, in the NPD context, this method of updating the focal
component is not necessarily realistic because if the fitness value of a given component is greater
than 0.5 it suggests there is a greater than 50 percent probability of the updated fitness value being
less than the previous fitness value. In the NPD context, changes to components (often referred to
as engineering change orders) do not always result in an improved design; however, if the probability
of improvement were not at least 50 percent, few managers would be inclined to approve the
change. We model this reality by introducing the following method of updating the fitness value, x;,
of focal component:
1. Assign a probability, p, that the modified component will result in an improved design.
2. Model the updated fitness value of the focal component, x', using a triangular distribution
with parameters: min, max, mode, p, with the mode equal to the current value of the focal

component, x, and the 7ax equal to:

max=x+(1;x) (2)
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which says the maximum improvement resulting from a given change is half the distance from the
current fitness value to the theoretical maximum of 1. From these two parameters (ode and max),

along with the value of p, we can compute the wzn parameter according to:

mode —max * (1 —p)
> @)

By using the triangular distribution with the parameters just described for assigning fitness

min =

values to the changed focal component, we capture the fact that design changes made during the
NPD process are subject to uncertainty, but are not entirely random as implied by the original NK
model.

We now turn our attention to integrating the modified assumptions described in this section
into an extended NK model for NPD which captures contextual nuances which have previously not

been modeled using the NK model framework.

4.3. Research Design and Methods

To provide a more realistic model of the NPD process we incorporate two important
aspects of NPD management in our model: 1) managers and engineers have some knowledge
regarding the existence of complementary versus conflicting dependencies within an NPD project
and 2) changes to components are subject to uncertain, but not completely random, results. Before
adding these components to the model, we provide the reader with a description of the original NK

model.

4.3.1. Model Description

4.3.1.1. Implementing the Original NK Model

Our approach begins by first coding Kauffman's NK model of fitness landscapes in the R
statistical computing language. To generate the fitness landscapes, we follow the details and pseudo-
code given by Altenberg (1997). To obtain a non-trivial sized fitness landscape we selected a system
size of N=12 which yields 212 = 4,096 possible system configurations. In accordance with
Kauffman's original model specification, interactions within the system are defined by a /oca/
(adjacent neighbor) pattern of interaction. For example, if K=2, each component in the system is

affected by its two nearest neighbors. In other words, each component is dependent upon K other
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components in determining its fitness. A graphical depiction of the /oca/ interaction pattern is

presented in Figure 9.

X[X[X
X[ X[X
XXX
X XX

Figure 9. The “local” pattern of interaction used in this study. In this figure, N=12 and K=2.

The pattern in Figure 9 represents a specific type of interaction structure, but in practice a
particular interaction pattern (either existing or proposed) could be used to study how changes to a
given product architecture could influence system-level outcomes.

In this study, agents search for superior configurations via adaptive walks as described in
Section 4.2. Additional search strategies can certainly be modeled in which agents search less locally
by expanding the number of components they change at a given time (Gavetti & Levinthal, 2000;
Rivkin & Siggelkow, 2007), or by dynamically adapting their search behavior (Battiti et al., 2008).
However, in this exploratory study, we maintain the local search strategy which has been empirically

shown to closely represent human problem solving behavior (Billinger et al., 2010).

4.3.1.2. Introducing Complementary and Conflicting Dependencies

In this modeling extension, we modify the manner in which the fitness values of dependent
components are updated when a linked component is changed. We follow Solow et al.'s (1999)
NK/D model of structured dependency with one exception—we omit the distance factor which
they calculate as |i — j|, or the number of components separating component 7 from component J.
We omit this factor because, in our study, we do not associate distance (physical or otherwise) with
the strength of dependency between components / and j. We will refer to this model as A/
Complementary NK (AlComp), for when a given component is improved, all of its dependent
components are updated in a proportional fashion. In this study, we also create a No Complementary
NK (NoComp) model to examine what happens when improvements to a focal component result in

changes to dependent components that are all inversely proportional.
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4.3.1.3. NPD Extensions

Finally, to add contextual realism to the NK model for the study of NPD, we incorporate
the two (2) new modeling constructs described in Section 4.3 of this study.

Mixture of Complementary and Conflicting Dependencies. We first extend the NK model by
recognizing that interactions between component pairs in NPD projects are neither completely
unknown (as in the original NK model), nor are the interactions all mutually reinforcing (Solow et
al., 1999) or all characterized as design conflicts. Rather, in an NPD project some dependencies
between components are complementary, while others are characterized by conflicts or tradeoffs.
Therefore, we explicitly model different mixtures of complementary and conflicting interactions. In
this study we use three treatment levels: Low Complementarity (1.C), Moderate Complementarity (MC), and
High Complementarity (HC) in which 25%, 50% and 75%, respectively, of the dependencies between
components are complementary.

Focal Component Fitness. We then modify the manner by which a component selected for
change (a focal component) is assigned a new fitness value. As discussed, changes to components
during the NPD process are conscious design decisions and are not completely random in their
result; however, there still remains a stochastic aspect to the success of a change. Therefore, we
employ a triangular distribution to model the fact that drastic improvement (nor drastic decline) is
highly probable, though still possible. We also model a probability of success (likelihood that the
changed component will yield an improvement), which shapes the triangular distribution. For this
study, we nominally set the probability of success, p, equal to 0.75. In terms of the triangular
distribution, this means that 75 percent of the triangle's area lies to the "right" of the mode. (For
simplicity, p is assumed to be time stationary and apply globally to each component in the system).

Figure 10 presents a graphical summary of our incremental modeling approach.
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Original NK
Model

2. Notions of Complementarities and
Conflicting Constraints

*  100% Positively Correlated Dependenci
*+  100% Negatively Correlated Dependenci

3. NPD Extensions

a. Mixture of
complementary and
conflicting dependencies

b. Focal component
fitness via triangular
distribution

*  Low Complementarities
*  Moderate Complementarities
*  High Complementarities

Figure 10. Methodology for modeling NPD as a complex system of interacting design decisions. Using the NK
model as a starting point, modifications are made to introduce and explore alternative modeling constructs
resulting in an NK model extended to the NPD domain.

4.3.2. Model Investigations

In this study we are interested in how our extensions to the NK model compare with its
original specification. The measures of performance we are interested in are: 1) the maximum
overall system fitness I achieved and 2) the number of candidate changes considered before
stopping as a result of reaching a local optimum at which no further one-component changes can
improve the system fitness. These two metrics directly relate to NPD measures of product quality
and development time”

To control for variance due to differences in initial conditions (a hallmark of complex system
behavior), each experimental run is conducted with the same set of initial starting configurations.

Table 2 highlights the specific modifications and parameter settings for our modeling approach.

9 Additionally, cost is acknowledged to be an important measure in the NPD context, but it is not explicitly
modeled in this study as costs are very specific to each industry and individual project. However, in practice, costs
associated with components and change orders (if available) could be modeled via probability distributions,
similar to how fitness values are modeled in this study, either in scaled or absolute terms using appropriate
probability distributions.
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Structured Dependencies Mix Complementary and Conflicting Constraints Focal Component modeling via Triangular Dist
A Original NK D. Low E. Moderate F.High G.Low H. Moderate 1. High
B. AllComp NK | C.NoComp NK . . . . . .
Model P p Complementarity | Complementarity | Complementarity | Complementarity | Complementarity | Complementarity
;(;Ezlsgomponem Uniform (0,1) Uniform (0,1) Uniform (0,1) Uniform (0,1) Uniform (0,1) Uniform (0,1) Triangular Triangular Triangular
Inversel Mixture of Mixture of Mixture of Mixture of Mixture of Mixture of
Depdent Component . Proportional to . Y Proportional / Proportional / Proportional / Proportional / Proportional / Proportional /
Uniform (0,1) Proportional to
Fitness Focal Focal Inverse Inverse Inverse Inverse Inverse Inverse
Proportional Proportional Proportional Proportional Proportional Proportional
Complementarities N/A 100% 0% 25% 50% 75% 25% 50% 75%

Table 2. Comparison of models and parameters used in this study. Changes from the original NK model are
highlighted as the model is incrementally modified (from left to right).

4.3.3. Model Application

To conclude our investigation, we use design information regarding a brake system from the
research literature (Black et al., 1990) to illustrate the application of our models to an actual system.
We use the specific pattern of dependencies for the brake system (

Figure 11), but we also collect information regarding the change history associated with each of the
models. This allows us to examine the rate of convergence for each of the model specifications we
examine. Finally, we test for significance between each of the models in a pair-wise fashion using

Tukey's Honestly Significantly Difference (HSD) post hoc test.
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Figure I 1. Interaction of components found in an automobile brake system. Source (Black et al., 1990)

4.4, Results

Having described the theoretical foundations and methodological framework for extending
the original NK model to the NPD domain, we now describe the results of our simulations. In our
study we are primarily interested in two measures of NPD performance: product quality (taken as
the average of component fitness values) and development time (measured in terms of the number
of simulation steps, where each step represents a consideration of a component design change).

Product quality is important for obvious reasons, while the development time metric is important
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because managers of NPD teams and projects have finite development time horizons and faster
development times can lead to "first-mover advantage" (Lieberman & Montgomery, 1988).

In each of our experiments we initialize our simulation (#=0) by randomly defining a
product, w = (X1, X3, ... Xy ), comptised of 12 components (N=12). During each time period (¢ =
1,2,3...), a change to one of the N components is made, resulting in a new product configuration, '.
If F(w") > F(w), then the new product configuration is adopted. This process of change,
selection, and adoption is repeated in each time period until no further improvement to the product

can be made by changing a single component.

4.4.1. Baseline Results—Original NK Model

Table 3 and Figure 12 illustrate how system performance varies with complexity (K) under
the original NK model (Kauffman, 1993). Those familiar with the NK model will recognize the
familiar inverted "U-shaped" cutve, indicating the average maximum system fitness is greatest when
the value of K is moderately low (K=3, in this case). This is well-known result in the literature. It

provides a baseline for the remainder of our results.

Average Peak System Fitness

A. Original NK B. Al - C.No -
Complementarities ~ Complementarities
K=0 0.6624 0.6624 0.6624
K=1 0.6917 0.7409 0.6061
K=2 0.7016 0.7824 0.5225
K=3 0.7085 0.8236 0.5068
K=4 0.708 0.8456 0.4987
K=5 0.6987 0.8636 0.498

Note: Each result in the table above is an average of 200 landscapes.
To control for variance due to differing starting configurations
between simulations, the same set of 200 starting configurations was
used for each result.

Table 3. Comparison of results obtained for average maximum fitness obtained for Original NK, AllComp, and
NoComp models.
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Figure 12. Average maximum fitness for Original NK, AllComp, and NoComp models. Each point represents the
average of 200 simulation runs using the same set of initial starting configurations.

Table 4 and Figure 13 present a result of the original NK model not discussed in the extant
literature concerning the time (simulation steps) required to reach a local or global optimum. As
Figure 13 shows, a general pattern of shorter development time is associated with increasing
complexity in the original NK model. We note, here, that this result does not align with intuition
regarding development times in NPD: more complex systems typically take /onger to develop.
However, when we consider the search strategy described by an adaptive walk (local search), the
result, though not necessarily realistic in an NPD context, makes sense because higher complexity in
the NK model generates more "rugged" landscapes which are characterized by more local maxima,

leading to shorter "walks".
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Average Steps to Solution

A. Original NK B. Al ” €. No -
Complementarities ~ Complementarities
K=0 50.48 50.48 50.48
K=1 4751 48.49 46.85
K=2 42.395 43.085 24.67
K=3 38.395 37.88 16.825
K=4 35.61 34.345 13.89
K=5 32.355 32.435 13.04

Note: Each result in the table above is an average of 200 landscapes. To
control for variance due to differing starting configurations between
simulations, the same set of 200 starting configurations was used for each
result.

Table 4. Comparison of results obtained for average number of design changes considered (simulation steps) for
Original NK, AllComp, and NoComp models.

steps

K

model

=+ Allcomp =&+ NoComp =B Original

Figure 13. Development time (steps) for Original NK, AllComp, and NoComp models. Each point represents the
average of 200 simulation runs using the same set of initial starting configurations.

4.4.2. Extreme Results — All Complementary & No Complementary Dependencies

We now examine the results of two extreme extensions of the NK model, namely the models in which all changes
to dependent components are either positively or negatively proportional to changes in the focal component.

Table 3 and Figure 12 (above) illustrate the effect of these extreme extensions on system
performance (fitness). In the model where all dependencies are positively correlated with the focal
component, we observe that the performance of the system increases, in a logarithmic fashion, with
respect to complexity (K) (Figure 12). However, when all dependencies are negatively correlated

with improvements to the focal component, each interaction is a conflicting constraint and we
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observe that fitness values decline as complexity increases (Figure 12). In fact, as K increases, the
maximum fitness values regress to the mean.

In terms of system development time, we again observe there is a pattern of shorter
development times as complexity increases (Figure 13). However, it is worth noting here that the
underlying reasons for the shorter development times as complexity increases in these two extreme
NK model extensions are somewhat different than in the original NK model. In the original NK
model, development times (steps) decrease in K as a result of increased ruggedness in the landscape.
However, in the positively correlated model, development time decreases as a function of K because,
when all dependencies are complementary, the rate at which system-wide improvements are made is
increased drastically, resulting in faster convergence to a solution. On the other hand, in the model
with no complementary dependencies, each conflicting dependency places an additional constraint
on opportunities for system-wide fitness improvement and, therefore, the search for better product
configurations terminates faster. This result does not necessarily follow intuition regarding

complexity in NPD, and we will have more to say regarding this in the next chapter.

4.4.3. NPD Extensions

Having briefly examined the original NK model, as well as the two extreme cases of
complementary dependencies, we examine the results of two extensions to the original NK model

grounded in the contextual realities of NPD.

4.4.3.1. Mixture of Complementary and Conflicting Dependencies

The results from our experiments using the original NK model and the models which have
uniformly positive or negative correlated dependencies are helpful in understanding that
complementarities (and a lack thereof) have an influence on the fitness of a system as it evolves.
However, in the context of NPD, dependencies between components of a system are almost always
a mixture of complementarities and conflicts. We now examine what happens when mixtures of
complementary and conflicting dependencies are present in an NPD project.

Table 5 and Figure 14 (solid lines) show how system fitness is influenced by the presence of
both complementary and conflicting dependencies. When complementary (positively correlated)
dependencies are low (25% in this study), system fitness declines as K increases, but at a slower rate
than when there are no complementarities. It is interesting to note that when complementary

dependencies are low, system fitness (for all values of K > 0) is less than when K=0. This was not
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an expected result, for it was believed that even a low number of complementary dependencies
would be better than a system in which all components are independent. However, it is not until
complementary dependencies account for at least 50 percent of the total number of dependencies
that we see a benefit to additional complexity. Namely, when we increased the level of
complementary dependencies to a moderate level (50%), we found that the number of
complementary dependencies was sufficient to yield an increase in system fitness when compared to
the case where K=0 (see Figure 14, Panel B, solid line). However, as K increases, the degree to
which system fitness is improved effectively "plateaus”. This occurs because, as K increases, the
expected number of components that will benefit from an improvement in one component
becomes neatly equal to the expected number that will experience a decline in fitness thus creating
an upper limit on the average maximum system fitness. Finally, when we model a high level of
complementary dependencies (75%) in the system (Figure 14, Panel C, solid line), we observe that
system fitness increases quite rapidly with complexity. This result follows intuition that when
complementary dependencies outnumber conflicting dependencies, system fitness increases with the

number of total dependencies because complementarities can be exploited to a higher degree as K

increases.
Uniform Triangular t-test

Panel 1. Low Complementarity

K=0 0.6624 0.5617 p=2.2e-16
K=1 0.6559 0.5615 p=2.2e-16
K=2 0.6073 0.5576 p=3.14e-12
K=3 0.5891 0.5531 p=3.27e-7
K=4 0.5738 0.5444 p=1.78e-5
K=5 0.5643 0.5399 p=0.00047

Panel 2. Moderate Complementarity

K=0 0.6624 0.5617 p=2.2e-16
K=1 0.6885 0.5883 p=2.2e-16
K=2 0.6811 0.6152 p=2.2e-16
K=3 0.6895 0.6327 p=2.2e-16
K=4 0.6853 0.6479 p=8.45e-9
K=5 0.6894 0.6596 p=5.20e-6

Panel 3. High Complementarity

K=0 0.6624 0.5617 p=2.2e-16
K=1 0.7131 0.6169 p=2.2e-16
K=2 0.7443 0.6746 p=2.2e-16
K=3 0.7653 0.7302 p=1.49e-7
K=4 0.7761 0.7852 0.1384

K=5 0.7873 0.8114 p=3.09e-5

Table 5. Comparison of results obtained for average maximum fitness using different methods of updating the focal
component fitness value. All results are for the local pattern of interaction.
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Figure 14. Mean maximum fitness for varying degrees of complementary dependencies and different methods of
assigning new fitness values to the focal component. Each point represents the average of 200 simulation runs using
the same set of initial starting configurations.

With regard to development time for an NPD project, when we combine complementary
and conflicting dependencies into the same model in varying percentages (models D, E, and F in
Table 2) we obtain results that, again, share the same general trend—decreasing development time as
a function of K. The most notable decrease, as a function of K, is found in the model with low
complementarities. This more pronounced decrease, in the low complementarity model, results
from the fact that when few complementary dependencies exist, an increased number of total
dependencies creates a situation in which improvements to a given component is almost always
outweighed by the conflicts with other components, which leads to the search becoming frustrated

very quickly. Table 6 and Figure 15 (solid lines) illustrate this phenomenon.
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Uniform Triangular t-test
Panel 1. Low Complementarity

K=0 50.48 718 p=2.2e-16
K=1 43.15 54.83 p=2.11e-9
K=2 34.81 47.94 p=5.37e-14
K=3 31.07 44.12 p=2.27e-10
K=4 26.62 36.89 p=2.14e-8
K=5 25.26 32.42 pe=5.10e-6

Panel 2. Moderate Complementarity

K=0 50.48 718 p=2.2e-16
K=1 45.18 64.89 p=2.2e-16
K=2 41.65 70.12 p=2.2e-16
K=3 40.7 72.83 p=2.2e-16
K=4 35.73 72.67 p=2.2e-16
K=5 34.65 69.25 p=2.2e-16

Panel 3. High Complementarity

K=0 50.48 718 p=2.2e-16
K=1 46.62 77.08 p=2.2e-16
K=2 45.47 92.02 p=2.2e-16
K=3 41.59 104.87 p=2.2e-16
K=4 38.73 112.47 p=2.2e-16
K=5 36.13 108.22 p=2.2e-16

Table 6. Comparison of results obtained for average number of design changes considered (simulation steps) using
different methods of updating the focal component fitness value. All results are for the local pattern of interaction.

Percentage Complementary Dependencies

Low Mod High

Panel A Panel B Panel C - .

steps

Uniform - = = = Triangular

Figure I5. Mean development time (steps) for varying degrees of complementary dependencies and different
methods of assigning new fitness values to the focal component. Each point represents the average of 200
simulation runs using the same set of initial starting configurations.

4.4.3.2. Focal Component Fitness Changes

Modeling changes to the focal component using the triangular distribution discussed in
Section 4.3.2 allows us to account for the fact that the design changes are stochastic but not
completely random in their result, and that improvements to components tend to be incremental

rather than drastic in nature. The results of our extension to the original NK model using the
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triangular distribution for new focal component fitness values when a change is made (models G, H,
and I in Table 2) are shown in Table 5 and Figure 14 (dashed lines). We first observe that,
compared to the models in which fitness values for the focal component are distributed uniformly,
system fitness decreases more slowly in K when complementarities are low (25%) and increases
more rapidly when complementarities are moderate and high (50% and 75%, respectively). In other
words, the slope of the line which plots fitness as a function of K is greater, in all cases, when
changes to the focal component are distributed according to the triangular distribution. In our
study, the probability of improvement, p, equals 0.75 which gives a higher probability of a
component change resulting in improved fitness when compared to the original NK model in which
the probability of a component change resulting in improvement is equal to:
1 — current fitness of component. We could debate whether p=0.75 is an appropriate parameter setting,
but anything less than 0.5 would likely be too risky for most NPD managers. Ultimately, the result
of this increased probability of component improvement is that there are more opportunities for
component changes to result in component and system wide fitness improvement. Therefore, when
complementary dependencies are low, system fitness still regresses as K increases, but at a slower
rate. And, when complementary dependencies are equal to or greater than 50%, the increased
probability of component changes resulting in system improvement yields a greater marginal benefit
for each increase in K.

However, in Table 5 and Figure 14 (dashed lines) we observe that, in using the triangular
distribution to model focal component changes, system fitness is, in almost all cases, less than when
using the uniform distribution to model component changes in the original NK model. To
understand why this happens, we note that in the triangular distribution we have chosen, the
maximum improvement is limited to half the difference between a component's current fitness and
the maximum value of 1. And, due to the peaked shape of the triangular distribution, component
improvements are more likely to be incremental because new component fitness values are more
likely to be close to mode of the distribution which, in our study, is the current component fitness
value.

We now consider how using the triangular distribution in our extended NK model impacts
development time. When we changed the distribution of new fitness values for focal component
changes, we obtained results more aligned with what we would expect regarding the development
time of complex systems. As shown in Table 6 and Figure 15 (dashed lines), development time is

longer in comparison to the original NK model specification (solid lines) when we model
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component changes as being 1) more likely to succeed (p=0.75) and 2) more incremental by using
the triangular distribution. This is because increased the probability of change success, coupled with
incremental gains, leads to more possible paths for exploration as well as slower convergence to a
solution, resulting in longer and more gradual adaptive walks.

Additionally, in Figure 15, Panel C (dashed line) we note when complementary dependencies
account for a high percentage (75% in this study) of the total dependencies in the system, the length
of the project development time increases with complexity. This occurs because, when there is a
sufficiently high percentage of complementary dependencies in a system, adding more dependencies
(increasing K) creates a situation in which additional dependencies increase the likelthood of
improved system fitness when a change is made to a component. This, in turn, lengthens the overall
search process because new paths for improvement are more likely to continue to be found. It is
worth explaining, though, the result in Figure 15, Panel C (dashed line) where there appears to be a
critical point at which the search time begins to decrease as a function of increased complexity (K=5,
in this case). At first, we suspected this result may simply be an artifact of the stochastic nature of
the simulation. However, repeated runs of the simulation using different random number streams
yielded the same phenomenon each time. This result is explained as a result of two competing
dynamics—the rate of system improvement and the likelihood of improvement. Specifically, we
found high levels of complementary dependencies, coupled with a high probability of component
improvement, create a situation in which the likelihood of system improvement increases in K which
lengthens the overall search process. However, as K increases beyond a certain point, the system
fitness improvement at each step becomes so large that a locally optimal solution is found faster.
Thus, in Figure 15, Panel C (dashed line), when K=5, the search converges faster than when K=4,
because the rate of system fitness improvement becomes so rapid that the number of steps required

to find a local maximum for system fitness begins to decline beyond K=4.

4.4.4. Application Example

Table 7 reports the results obtained for our example brake system (Black et al., 1990), when
we simulate its development using the models described in this study. This example system is
obviously not a /ocal/ pattern of interaction, but we note that that the system does have parameters
N=13 and complexity equivalent to K=3.8 (computed by dividing the total number of off-diagonal
dependencies by N). From Table 7, we first observe there are significant differences between almost

each pair-wise comparison of models, both in terms of performance (fitness) and development time
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(steps). And, while the model with a low percentage of complementary dependencies does not
differ significantly from the no complementarities model, in terms system performance, there is a
significant different difference in terms of development time between these models, which leads us

to our next observation.

Max Fitness Steps
A. Original NK Model 0.6798 39.87
B. Positive Correlation in Dependent Components 0.8197 42.21
C. Negative Correlation in Dependent Components 0.5325 26.75
D. Low Complementarity 0.5425 55.21
E. Moderate Complementarity 0.6266 84.88
F. High Complementarity 0.7295 129.4

All significant differences at All significant differences at

Tukey HSD Result =0.05, except C-D =0.05, except A-B

Table 7. Performance (fitness) and development time (steps) for example brake system.

A salient result from Table 7 is that our NK model extensions, which capture two important
NPD contextual elements (models D-I in Table 2), suggest development times are much longer than
what the original NK model would suggest, given the identical search strategy and pattern of
interaction. This is illustrated graphically in Figure 16 in which system development is plotted
temporally with each line representing the mean fitness at each step for 100 simulations with

identical initial configurations.
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Figure 16. Temporal plot of fitness for example brake system as development evolves. Each line represents the
average of 100 simulation runs using the same set of initial starting configurations.

In this example system, we do not have any information regarding the dependencies within
the system (e.g. whether a given dependency is complementary or conflicting). Therefore, in each
iteration of the simulation we characterize the system according to the 2 general modeling constructs
introduced in this paper—percentage of complementarities and a new probability distribution for
component fitness values when a component is changed. With the implementation of these two
constructs we find informative results regarding two measures of performance. Specifically, if the
system contains more complementary dependencies, system performance increases, but this comes
with a trade-off of longer development times. Cost-benefit analyses could easily be conducted, but
such an analysis would only be valid for the specific set of parameter values used in this study.
However, more importantly, if more specific data regarding dependencies were available, we could
obtain even more informative results regarding the design of a system of interest. The ability of the
model developed in this study to inform NPD theory and inform the development of real world
systems (with data elicited from subject matter experts) is an important contribution that will be

discussed in the next section.
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4.5. Discussion and Implications

4.5.1. Theoretical Implications

A number of previously published studies have used the NK model to investigate and gain
insight into the interactions among multiple decisions within an organization. Due to small sample
sizes, costs, and time, insights at the theoretical level regarding the outcomes of strategic new
product development decisions are difficult to develop and test in the real world. However, with
regard to the relationship between product complexity, product performance, and development
time, our extensions to the NK model offer insights for NPD that are fundamentally different than
what the original NK model would suggest, which opens new avenues for further research and
model development.

A central result of our study is that the nature of interactions—whether they are
complementary or not—within an NPD project matter as much or more than sheer number of
interactions. Figure 14 (dashed lines) and Figure 15 (dashed lines) show that, in our extended NK
model of NPD, if we hold K constant, the system performance and development times vary widely,
depending on the nature of the interactions within the system. In other words, the degree to which
dependencies are complementary versus conflicting moderates the effect of complexity on system
performance and development time. Therefore, with this insight, we may be able to design
interactions and interaction structures that can be exploited for more successful NPD. More
specifically, our model highlights the importance of complementarities and also the importance of
avoiding conflicting dependencies within a product. For instance, in Figure 14 we see that when
there is a low level of complementary dependencies, system performance (fitness) monotonically
decreases as complexity increases, suggesting that conflicting dependencies should be avoided,
especially as product complexity increases.

Another theoretical insight from our study concerns the development time of an NPD
project. In Figure 15, we observe that our extensions to the NK model (and the parameter settings)
suggest the development time of NPD projects is consistently longer than under the original NK
model. This result is also illustrated in our example brake system (Figure 16) in which we note that
system improvements are more incremental than the rapid initial gains suggested by the original NK
model.  We argue that this dynamic of more incremental performance improvement more

accurately models how NPD projects typically evolve.
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Our study also reveals another relationship that has an important theoretical implication that
differs from the original NK model of complexity. Namely, Figure 14 (dashed lines) and Figure 15
(dashed lines) show that, in our extended NK model of NPD, performance and development time
are often negatively correlated. That is, as system performance increases (favorable), development
time also increases (unfavorable). This result is in contrast to the original NK model which suggests
that there is a moderately low level of complexity (K) at which system performance is higher than at
other values. It has not received much attention in the extant literatutre, but at this critical value of K
the adaptive walk length is shorter than at lower values of K, suggesting that we are able to have dual
benefits—faster development and better system performance. However, our model calls attention to

the fact there is a constant tension and trade-off between product quality and development time.

4.5.2. Implications for Practice

Because our extensions to the NK model capture additional contextual realities of the NPD
process, an important implication for practice is that the extensions described in this study can be a
more realistic model for NPD when compared to the original NK model. At a practical level, the
modeling constructs and framework presented in this paper offer a relatively easy tool for exploring
various strategic product architectures via Monte Carlo simulation. For instance, the removal or
addition of a specific component interaction can be explicitly modeled via the interaction matrix
which is familiar to practitioners due the popularity and prevalence of the DSM tool (Steward,
1981). Additionally, sensitivity to uncertainty in the probability of design change success can be
modeled using the extensions described in this study in conjunction with Monte Carlo simulation
techniques. Finally, by virtue of being a computational model, the assumptions and parameters in
the model can be easily modified in order to test specific hypotheses regarding candidate product

design alternatives.

4.5.3. Limitations and Future Research

The model we have presented is exploratory in nature. We have described and illustrated at
least two ways in which the NK model can be adapted to more realistically simulate and explore the
complex process of NPD. However, we recognize this model has limitations which create
opportunities for further research in this domain. First, this model remains relatively abstract in
nature. For example, the metric of fitness, measured on a scale of 0 to 1, is a proxy for system

performance, but such a metric is rather abstract. Therefore, further research in the applied domain
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could investigate how to map component performance and system performance to more meaningful
metrics via methods such as conjoint analysis (Green & Srinivasan, 1978). Another limitation of our
study is that we did not implement more sophisticated search behaviors in our model. However,
our intent was not to find optimal search strategies. Our objective was to develop and explore a
new modeling methodology for NPD based on the popular NK model. Testing hypotheses
regarding alternative search behaviors to the adaptive walk described in this paper could prove to be
a fruitful avenue for future research.

Additionally, our model assumes a time homogeneous fitness landscape. In other words, the
nature of the interactions and the probability for improvement at each step of the simulation does
not change as the system evolves. Further research on shifting fitness landscapes presents an
opportunity to explore how periodic—and often exogenous—changes to the interaction structure of
a product impact the development process. Another extension to this study could involve further
characterizing the nature of dependency interactions within a system by modeling dependency
strengths. In other words, rather than characterize each dependency as complementary or conflicting
(positive or negative effect), future research could explicitly model the fact that some dependencies
are stronger than others by scaling dependencies on the interval (-1,1). Finally, in addition to the
finding that the nature of interactions within a system are important, exploration of the how
interactions are configured could be an important research opportunity, combining the concepts in

this study with the notion of patterned interactions introduced by Rivkin and Siggelkow (2007).

4.6. Conclusion

In summary, the NK model has gained widespread acceptance in the management science
and organizational design literatures. This study critically analyzed the NK model and several of the
assumptions that underpin this popular model of complexity, and found that the NK model neatly
captures one of the central problems found in NPD organizations—dependency between
components—but could be improved for modeling NPD by addressing two aspects of NPD that
are not congruent with the NK model: knowledge about dependencies within a system, and design
changes that have inherent uncertainty, but are not completely random in their outcomes. We then
proposed and implemented two extensions to the NK model that address these two nuances
regarding NPD as it relates to the NK model. We call attention to how the simple, yet powerful,
NK model can be adapted and extended to model the complex process of NPD while avoiding

over-parameterization in the model. A central result of our study is that the nature of dependencies
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within a system is perhaps more important that the raw number dependencies or interactions in a
system. However, perhaps the most important aspect of this study is the development of a
modeling framework that can be used to gain further insight into the general domain of product
development. Finally, our extended NK model for NPD can support the development of specific
system-level hypotheses about the outcomes of real world projects which can then be tested with
real world parameters regarding component-level dependencies and component-level change

probabilities.
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Chapter 5: Beyond the NK Model: Co-evolution in NPD

5.1. Introduction

The NK model has been widely applied to organizational search in the context of
competitive strategy (e.g. Levinthal, 1997). For instance, Ganco and Hoetker's (2009) review of the
NK model and its use in the management literature found over 30 publications in leading
management and strategy journals that utilize the NK model. And, in the preceding chapters, we
have examined how Kauffman's NK model of stylized fitness landscapes, developed in the field of
evolutionary biology, can be extended in several ways to better capture the realities and dynamics of
NPD. However, despite the NK model's widespread use, the NK model assumes all decisions are
evaluated at the system level and does not account for a fundamental aspect of many NPD projects:
that projects are subdivided into sub-teams whose decisions are often based on improving their own
subsystem, rather than in the interest of improving the entire NPD project.

This research utilizes Kaufmann's (1993) variant of the popular NK model, called the NKC
model, to explore how an ecology of design teams interact within an NPD environment
characterized by complexity. The goals of this study are to answer key questions regarding
interacting teams and inform engineering and NPD managerial practice. Our research is further
motivated by the following questions:

1. Given an overall project size, how does the partitioning of the project into work teams of

different sizes affect project outcomes of quality and development time? In other words,

what partitioning strategy leads to better outcomes: a project with fewer larger sized teams or
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a project with a greater number of smaller sized teams? Answering this question holds
potential value in determining the appropriate, or even optimal, team size for a given level of
complexity.

2. How does an increased number of interacting decisions besween teams affect project quality
and development time? Reducing interactions between subsystems is commonly known as
product modularity. We seek to better understand how modularity impacts key NPD

measures of performance, namely quality and schedule.

To explore these research questions, we model NPD design activities and decisions using
Kauffman's NKC model of co-evolutionaty species and make three contributions. First, our results
reveal that the number of interacting decisions within an NPD project is not necessarily a good
indicator of project complexity. Second, we show that the structure of design interactions, rather
than the number of interactions, is more important in determining project outcomes of interest.
Finally, our results suggest that there is a limit to the benefits of product modularity. Furthermore,
this study finds that the NKC model is more appropriate for modeling NPD activity as compared to
the basic NK model which has previously gained widespread acceptance.

The remainder of this chapter is organized as follows. Section 5.2 contains a discussion of
related research. Then, Section 5.3 presents our model for investigating how interacting teams
making local decisions affect system level outcomes. Our data and results are described and
analyzed in Section 5.4. Finally, Section 5.5 concludes with a discussion of our results and their

implications for practice, give qualifications on our findings, and provide concluding remarks.

5.2. Related Literature

In this section we discuss how this study relates to three areas of related research: 1)

Organizational Complexity, 2) Product Modularity and 3) Search on a Fitness Landscape.

5.2.1. Complexity in Organizations

In the organizational literature, there are two salient lines of research regarding complexity in
organizations. In the first line of research, scholars have suggested that the number of
organizational parts give rise to complexity in organizations (Daft, 2009; Jablin, 1987). The number
of parts, it is argued, matters because there is an implicit assumption that further subdivision and

differentiation of tasks requires additional integration of the organizational parts and their outputs.
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In another line of research, it is argued that complexity in organizations is related to the interactions
among the parts of the organization. Foundational work in self-organization (Nicolis & Prigogine,
1977) led others to develop models to explore the emergent behavior of systems comprised of many
interacting particles and genes (Fontana, 1990; Kauffman, 1993). While these models of interacting
particles and genes have their roots in the fields of chemistry and biology, the insights and
methodologies have been applied and had a clear impact on organizational studies (Anderson, 1999;
Marion, 1999; Rivkin, 2000; Siggelkow & Levinthal, 2005; Sommer & Loch, 2004; Baumann and
Siggelkow, 2012).

In this study, we explore how these two strands of research on organizational complexity are
related by investigating the following question: "Is there a difference in the performance of similatly
sized NPD projects based on the number of interacting sub-teams in the project?" For similarly
sized projects, fewer sub-teams imply sub-teams that are larger in size. We are interested in how the
sizing and number of teams in a project influence the performance and development time of

projects.

5.2.2. Product Modularity

A line of research related to organizational complexity concerns the design and management
of new products using modular architectures. Not only are organizations complex, by Simon's
(1962) definition, but the products they design and manufacture are often characterized by
complexity. In other words, many products involve a large number of parts that interact in non-
trivial ways. In Simon's (1962) pioneering essay on complex systems, he argued that nearly
decomposable systems help reduce the complexity associated with system design. Nearly
decomposable systems have come to be synonymous with modular product architectures because
such architectures group interdependencies within units called modules while minimizing the
interdependencies among modules. A system with higher modularity, then, implies that more of the
interdependencies in the system are contained within the individual modules.

Several research efforts have argued that product modularity is a means by which firms can
manage complexity (Langlois, 2002; Parnas, 1972; Ulrich & Eppinger, 1999). Other benefits of
modularity in product design have been argued as well such as better organizational coordination
(Sanchez & Mahoney, 1997), mass customization (Baldwin & Clark, 2000) and codification of design
standards which promotes easier outsourcing (Schilling & Steensma, 2001). In this study, we

explore:
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1. How product modularity affects the performance and development time of projects.
2. How project size and interdependencies within a project impact its eventual performance

and development time.

5.2.3. Searching on Fitness Landscapes

In developing new products, firms continually experiment with new technologies and
opportunities in the search for better product offerings in the marketplace. Firms engage in NPD
experiments with many possible combinations of technologies, engineering designs, manufacturing
processes, organizational forms, etc. This experimentation can be characterized as a search for
winning configurations of elements under the firm's control. Confounding the firm's search,
however, is the fact that, often, some of these elements (technologies, designs, processes, etc.) are
interdependent. That is, a change to one element can have an effect on other elements.

As previously discussed in this dissertation, Kauffman (1993), borrowing from Sewell
Wright's notion of fitness landscapes (1932), published the NK model which uses fitness landscapes to
characterize a search. Configurations of elements that are favorable have a higher elevation (fitness)
on the landscape, while less favorable combinations are associated with valleys, or lower fitness, in
the landscape. The terrain of a landscape is determined by the degree of interdependence between
elements. When there are many interdependencies between elements, the result is a rugged
landscape marked by many peaks of differing elevation. Conversely, few or no interdependencies
between elements generate a smooth landscape in which there are few peaks and each location on
the landscape is closely correlated with nearby locations.

Formally, as discussed previously, the NK model is defined as follows. A system consists of
N components, and each component makes a contribution to the fitness of the overall system via

the fitness function:
N
1
Fe gt
c=1

Each of the N components can be in one of A states, but many researchers (including this
study) reduce the dimensionality of the search space by setting .4 equal to two, without loss of
generality. Thus, for a system comprised of N components, the number of possible configurations
of the system is 2¥. A second parameter K defines the degree of interdependency between the

components of a system. Specifically, K represents the number of other components in the system

57



that affects the fitness of each component. Thus, the value of K can range from 0 to N-1 and each
component can assume one of 2X*1 fitness values. In Kauffman's model, fitness values are taken to
be uniformly distributed random variates on the interval (0,1).

Search on a fitness landscape is modeled as an adaptive walk (Kauffman & Levin, 1987) in
which one or more elements of a given configuration are modified. If the change results in a
configuration with a higher fitness, the new configuration is adopted and search continues from the
new location on the landscape. On the other hand, if system fitness decreases as a result of the new
configuration, the system retains its previous location and chooses a new element to change. Search
continues in this manner until a local optimum is found—a point on the landscape at which all
neighboring points have a lower elevation or fitness. Occasionally, the stopping point will be
highest point in the entire landscape in which it is also the global optimum.

Despite its roots in the biological sciences, the NK model has been an attractive analogy for
investigating organizations, especially in the context of interdependent decision making (e.g.
McKelvey, 1999; Levinthal and Warglien, 1999). However, for all its popularity in modeling
organizations and interdependence, the NK model contains an undetlying assumption that is not
congruent with how many NPD projects are organized. Namely, it is assumed that changes to the
configuration of a system are made and evaluated centrally. In the context of NPD, this would
imply that decisions regarding component level changes are made by executives, and subsequent
evaluation of the changes could be made centrally as well. However, as previously discussed in this
section, responsibility for decisions in NPD projects is often decomposed into modular teams across
an organizational hierarchy because the technical and market expertise required for effective product
development is possessed by engineers and development personnel, not executives. Additionally,
due to the size and scope of many NPD projects, responsibility is often assigned to design teams
according to expertise and product functionality (e.g. in the developing a new aircraft there may a
dedicated team responsible for the fuselage, one for the flight controls, another for the wing

assembly, etc.).

5.3. Model Framework

5.3.1. A Co-evolutionary Model of NPD Dynamics

While the NK model neatly captures the essence of complex systems and emergent behavior

which results from interactions between constituent parts, it does not account for multiple groups
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making local decisions, but interacting with and affecting the performance of other groups.
Therefore, to model the NPD search process, we acknowledge that multiple teams are responsible
for the design of subsystems which themselves interact and integrate to form a complete product or
system. Each team makes decisions based on improving their own subsystem, but such decisions
often have impacts on other subsystems within the project. Thus, we adopt Kauffman and
Johnsen's ( 1991) NKC model of co-evolutionary fitness landscapes. In applying the NKC model to
NPD, we operationalize the following parameters:

S—the number of co-evolutionary design teams involved in the NPD project

N—the size of each co-evolutionary design team, e.g. the number of elements for which
each team is responsible. This is the same N found in Kauffman's original NK model. For
simplicity, each team is assumed to be equal in size in this study.

K—a measure of interdependency /nfernal to each design team. The fitness of each of the N
decisions for a given design team is influenced by K other decisions internal to that team.

C—the first of two variables that determines the interdependency external to each design
team. Cis the number of other design teams that influence the fitness of each element within a given design
team.

Y—the second of two variables that determines the interdependency exzernal to each design
team. Y is the number of elements within the C design teams that influence the fitness of each element
within a given design team. Therefore, the product of Y and C represents the density of external
dependencies for each element in a given design team.

To illustrate the difference between how the NK and NKC models represent and model an

identical system we examine Figure 17.

NK Model NKC Model
X X X |X X X |X X X X
X [X X X X X X |X X X
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Figure 17. Comparison of identical project dependency structures as represented in the NK model and NKC
model.
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In the NK model (left), each "X" represents a design dependency, similar to the design
structure matrix (DSM) representation (Steward, 1981). In this example project, the system size is
represented by the parameter N=18, and the complexity parameter K=4, indicating that each
component's fitness is influenced by itself (main diagonal "X"s) plus the state of 4 other
components. Thus, the row sums of the NK interaction matrix are all equal to K+1=5.

In Figure 17, the NKC model (right) has the same placement of the "X"s in the system.
However, the NKC model representation shows that there are three subsystems (§=3), each of
which have a size of N' = 6 and an internal interaction complexity of K’ = 2 (outlined matrices).
These subsystems, in the NKC model representation, are influenced not only by other components
in the subsystem itself, but also by components in other subsystems (shaded matrices). In this
example, each component is influenced by 2 other components (C=2) from 1 other subsystem
(Y=1)".

The primary difference between the NK and the NKC models relates to the behavior of the
search. In the NK model, a random component is selected for modification and if the change
results in an overall fitness improvement to the system, the change is adopted and the search
continues until no one-component changes lead to a fitness improvement for the system. In the
NKC model, however, changes are evaluated only at the subsystem, or team, level. Each team, in
turn, makes a change and then evaluates its impact on its owz subsystem performance. If the change
results in higher subsystem fitness, then the change—and the resulting new configuration—is
adopted, regardless of the impact on the rest of the system. Having highlighted this important
difference we now describe, in more detail, our implementation of the NKC model as applied to
NPD.

At the beginning of each simulation (t=0), the project is initialized with § teams. Each of
the S teams is responsible for a subsystem, w = (X4, Xy, ... XN’), comprised of N’ components. The
fitness of each subsystem is initialized by assigning to each of the N' components a random variate

from the uniform distribution on the unit interval. Thus, the fitness of each team's subsystem

Fsubsystem is given by:

**To avoid confusion in notation between the NK and NKC models, the terms N* and K* are introduced used
when describing the size and dependency parameters for the each sub team in the NKC model. Thus, it can be
seen that N from the NK model is equivalentto N’ * S from the NKC model (18 = 6 * 3); and K from the NK
model is equivalentto K' 4+ (C * Y) from the NKC model (4 = 2 + (2 * 1)).
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N’
1
Fsubsystem = ﬁ z fx
x=1

Then, the fitness of the overall project Fypgject is defined by the average fitness of all the

teams' subsystems:

S

ul -

Fproject = Fsubystem
1

w=

At each step of the simulation (#=7,2,3), one of the § teams modifies one of its N
components, which yields a new subsystem configuration, @', in which the changed component and
K other components in the subsystem have new fitness values. If F(w') > F(w), then the new
subsystem configuration is adopted by the team; otherwise, the previous configuration is retained. If
a new subsystem configuration has dependencies in other subsystems, the fitness values of the
dependent components are also updated with a new random variate. As a result, the fitness
landscapes of the project teams are coupled because the decision by one team to modify a
component can affect other teams within the project. (For higher the values of C and Y in the
simulation, it is more likely that a component in one subsystem will be impacted due a change in
another subsystem.)

For subsequent steps in the simulation, the § teams continue to make changes, in turn, with
each team trying to improve its own subsystem fitness by modifying one of its components. Some of
the component modifications will improve a team's subsystem fitness and also simultaneously
improve other subsystems' fitness via design dependencies. However, it will often be the case that
an improvement to one subsystem will cause the fitness of other subsystems to decline. This
process of co-evolutionary change, selection, and adoption is repeated in each time period until a) a
Nash equilibrium is reached, indicating that no further improvements to subsystem fitness can be
made by any team by changing a single component or b) the number of simulation steps reaches a
predetermined upper limit, realizing that some systems will never reach a Nash equilibrium.

In this study we are interested in how team size, the number of teams, and the degree of
interdependency in a project—both within teams and between teams—impact 1) the overall project
fitness and 2) the time to reach a Nash equilibrium, or the point at which each team is at a local

optimum and cannot improve its own fitness via a one-component change. These two metrics
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directly relate to NPD project performance measures of product quality and development time.
Therefore, in each simulation run, we collect and record the overall project fitness value at each step
of the simulation as well as the number of simulation steps required before a Nash equilibrium is
reached'".

Though the NK model has been far more popular than the NKC model in the management
and strategy literature, the NKC model has been used in this domain. Notably, the NKC model was
used as the framework for Levitan et al. (2002) to study optimal team size in organization.
However, our study differs in two important ways: 1) the size of projects in their study was held
constant at 100 total agents and 2) each team (group) in their study was assumed to be fully
connected to all agents in the same group. In our study, we relax both of these assumptions as we

explore different project sizes as well as varying levels of interdependency within (and between)

groups.

5.3.2. Model Verification

For this study, we wrote a simulation model of Kauffman's NKC model of co-evolutionary
dynamics in the R statistical computing language which is available from the author upon request.
However, because little research has been conducted using the more computationally complex NKC
model (as compared to Kauffman's NK model) we first endeavored to verify that our simulation
model behaved in the manner that Kauffman (1993) described. Figure 18 illustrates an example of
our simulation results of the temporal co-evolution of a large system in which there are 6 groups
(§=0), each composed of 24 elements (IN=24). Each of the groups has an internal coupling that is
relatively high (K=13); in other words, the fitness of each of the 24 elements in each group is
influenced by 13 other elements in the group. Additionally, each element's fitness is not only
impacted by other elements within its own group, but also by 1 element (C=1) in each of the other 5

groups (Y=5).

** As in real-world NPD, not every simulated project will reach a Nash equilibrium. Therefore, if a project does not
converge to a Nash equilibrium, we report the max steps parameter and report project fitness as the value
achieved at t(max steps).
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Figure 18. Temporal evolution of the fitness of 6 co-evolving teams using the NKC model. In this particular, a
Nash equilibrium is reached, but not all co-evolutionary sets of teams will reach Nash equilibrium, even for
identical parameters. This is due to the stochastic nature of the fitness landscapes and initial conditions.

Figure 18 shows that in this system the groups do, in fact, co-evolve to a Nash equilibrium
after approximately 1100 simulation steps. It can also be observed that the groups—and the system
as a whole—initially experience a period of rather rapid increase in their fitness. This initial rise in
fitness then levels off and enters a period of "churn" in which each group continues to search for a
better configuration and, when successful, causes changes to the other groups' fitness. The groups
then continually adapt to changes made by the other groups until each group has found a
configuration that is more fit than all possible one-component variations. Our results in Figure 18
replicate the dynamics of the original NKC model (Kauffman, 1993, p. 246, Figure 6.2). Our model
verification efforts also found that, as noted earlier, and as found by Kauffman (1993), it is entirely
possible for a set of co-evolutionary groups to not reach a Nash equilibrium, depending on the
initial conditions of the groups and the coupled fitness landscapes. It can also be seen in Figure 18
that the co-evolutionary dynamics of the NKC model produce a "messy" process, not unlike that
found in NPD, in which each group struggles to continually adapt to changes brought about by
changes in other parts of the system. Finally, Figure 18 also reveals that the eventual configuration

found by each group may not be optimal for the subsystem, but is the best that can be achieved,

63



given the actions of the other groups, which also reflects a dynamic found in NPD activities.
Confident that our simulation model and results accurately replicates the original NKC model

specification, we now model NPD using the NKC model to investigate our research questions by

performing a series of 4 experiments as outlined in Table 8.

Experiment Purpose Method
Compare results of the |Model projects with identical interdependency
1 original NK model and |structures and initial configurations using the NK
the NKC model model and NKC model
Explore the relationship [Partition equally sized projects by varying the
between team size and |parameters S (humber of teams) and N (size of
the number of teams  [each team), while holding other parameters
2 constant. This allows comparison of projects
that have the same overall size and total number
of interdependencies within the project.
Examine how intra- Vary all parameters in the NKC model to create
team and inter-team project interdependency structures that vary in
3 design dependencies  |modularity. Modularity in this experiment is
impact project defined as the ratio of interdependencies for
outcomes each component that are internal to the team
versus external to the team.
Investigate the efficacy |Prohibit sub-teams from adopting changes that
4 of an alternative do not yield at least 5 percent improvement to
decision heuristic for  |their subsystem design.
teams

Table 8. Outline of experiments performed in Chapter 5.

5.4. Results and Analysis

5.4.1. Experiment 1: NK vs. NKC Results

If the NK and/or NKC models are to be used in NPD research, it is important to first
understand how the NK and NKC models compare in their representation of NPD projects. Our
first experiment, therefore, is designed to systematically examine the how the NK and NKC models
perform, given the same interaction patterns within an NPD project. Each of the projects in this
this experiment has an overall size of 60 components (IN=060 for the NK model, while we use
S=4and N' =15 for the NKC model to generate projects of equivalent size). We vary the
number of interdependencies in each of the projects by adjusting the parameters C and Y, while
holding the K’ parameter constant at K'=4. To control for variance due to differences in initial

conditions (a hallmark of complex system behavior), each model is given the same set of initial

starting configurations—the same initial fitness values and interaction patterns.
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Mascimum Fitness

Figure 19 and Table 9 present the simulation results for overall system fitness under the NK
and NKC model specifications outlined above. Each point in Figure 19 represents the average of
200 independent runs of the simulated evolution of an NPD project. Additionally, it should be
noted that the parameter on the x-axis refers to the number of design dependencies per component.
In the NK model this is the K parameter and in the NKC model this is equal to K’ + (€ * Y) which
is equal to K from the NK model. (The numbers in parentheses on the x-axis indicate the number
of intra-team dependencies and inter-team dependencies per component, respectively).

From Figure 19 we make observations regarding the average maximum system fitness
obtained using local search. First, we note that the average maximum system fitness is noticeably
different under the two models, despite having the same initial conditions a#d number of
dependencies per component. Specifically, we note that the maximum system fitness achieved
under the NK does not vary significantly with team size or the complexity parameter K, though, as
expected, the average maximum fitness does decrease slightly as additional dependencies are added.
This result stems from the fact that the NK model represents the NPD project as one large team,
rather than multiple interacting sub-teams. By representing the NPD project as one centrally
managed team that evaluates each component change at the global system level, the NK model only
considers two parameters, N and K, and does not distinguish between interactions within sub-teams
and between sub-teams. This suggests that the structure of the interdependencies is less important
in the NK model than in the NKC model which does, in fact, represent the NPD project as a group

of teams that act locally, but have influence on other teams."

**In this experiment all project interdependency structures have values of K', C, and Y that are uniform for all
components in the project. Other interdependency structures have been investigated (e.g. Rivkin and Siggelkow,
2007) in which components vary in the degree to which they influence other components or are influenced by
other components. Our concern, in this particular experiment, is how project outcomes compare using different
two models, given the same overall interdependency pattern.
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Figure 19. Comparison of results for overall average maximum project fitness achieved using identical project
design dependency structures under the NK model and NKC models.

On the other hand, the results in Figure 19 reveal that under the NKC model, projects with
identical dependency structures experience a much more pronounced decline in the average
maximum fitness achieved as the number of dependencies per component increase. In this
experiment, the additional dependencies are in the form of additional "external" dependencies.
Thus, in the NKC model it can be seen that, as subsystems and components becomes more
influenced by components in other subsystems, the overall maximum fitness of the overall system

declines much more dramatically than the original NK model would suggest.

| NK Model | | NKC Model |

Dependencies Avg Max Dependencies Avg Max
Project Size Total K Intra/Inter  Fitness Project Size  Total K' C Y Intra/Inter Fitness
N=60 300 5 NA 0.7081 S=4,N'=15 300 4 1 1 4/1 0.7072
N=60 360 6 NA 0.7087 S=4, N'=15 360 4 2 1 4/2 0.7036
N=60 420 7 NA 0.7051 S=4,N'=15 420 4 3 1 4/3 0.7022
N=60 480 8 NA 0.7076 S=4,N'=15 480 4 2 2 4/4 0.663
N=60 600 10 NA 0.6999 S=4,N'=15 600 4 2 3 4/6 0.587

Table 9. Comparison of numerical results for overall average maximum project fitness achieved using identical
project design dependency structures under the NK model and NKC models. For each row in the table, the
overall project size and the total number of design dependencies are equivalent.

Second, we note that there is a sharp decline in the average maximum fitness achieved once
the number of external dependencies per component equals the number of internal dependencies

er component. In this experiment, this "phase transition" occurs in the NKC model when K' = 4
p p p s p
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and C = 2;Y = 2 (total number of dependencies per component equals 8). The same decline in
system performance is not reflected in the original NK model because the NK model does not
distinguish between internal and external subsystem dependencies or the local sub-team behaviors
regarding decisions to adopt local improvements.

In sum, one central result of this experiment is the observation that, in contrast to the NK
model, the average maximum system fitness found under the NKC model varies to a greater extent
as we vary the number of dependencies within a given project. Specifically, the NKC model is
capable of reflecting that additional dependencies external to each subsystem tend to impede the
search for better solutions, whereas the NK model does not reveal this phenomenon. This result
follows from the notion of product modularity. In this case, when we increase either C or Y, and
hold K constant, we effectively create a situation in which product modularity decreases because we
are reducing the "density" of interdependencies within each subsystem relative to the "density" of
interdependencies between subsystems. Our results thus reveal the NKC model is able to capture
and reveal one of the benefits attributed to modular product design—concentrating
interdependencies within modules or sub-teams helps manage complexity and leads to better system

performance.

Nash Equilibrium (Development Time)

Similar to our discussion regarding maximum system fitness, Figure 20 and Table 10 present
a comparison between the NK and NKC models, in terms of the average number of steps to reach
Nash equilibrium for identical design dependency structures. We first observe the time to reach
Nash equilibrium is qualitatively and quantitatively much different in the NK model, when
compared to the NKC model. Specifically, we note that in the NKC model, when the ratio of
internal subsystem dependencies to external subsystem dependencies is relatively high, the average
time to reach Nash equilibrium is faster (fewer steps) than what the NK model would suggest for an
identical dependency structure. It can also be observed that in the NKC model, when the ratio of
internal subsystem dependencies to external subsystem dependencies is relatively low (that is, when
the number of external dependencies outnumber the internal dependencies), the average time to
reach Nash equilibrium is significantly slower. In fact, in many cases, the process does not converge
to equilibrium before the 2,500 step limit is reached. This result is due to the fact that co-
evolutionary dynamics in the NKC model cause improvements in one sub-team to often knock

other teams off their previous improvement location on their own fitness landscape. This dynamic
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is not unlike that found in actual NPD organizations in which one design change generates rework

and additional design iterations for other teams.
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Figure 20. Comparison of results for average time to reach Nash equilibrium using identical project design
dependency structures under the NK model and NKC models. Each point represents the average of 200
independent simulation runs.

| NK Model | | NKC Model |
Dependencies Time to Nash Dependencies Time to Nash
Project Size Total K Intra/Inter  Equilibrium Project Size  Total K' C Y Intra/Inter Equilibrium

N=60 300 5 NA 520.71 S=4,N'=15 300 4 1 1 4/1 299.4
N=60 360 6 NA 474.85 S=4,N'=15 360 4 2 1 42 467.1
N=60 420 7 NA 449.77 S=4, N'=15 420 4 3 1 4/3 869.2
N=60 480 8 NA 425.16 S=4,N'=15 480 4 2 2 4/4 1937
N=60 600 10 NA 357.8 S=4,N'=15 600 4 2 3 4/6 2483

Table 10. Comparison of numerical results for average time to reach Nash equilibrium using identical project
design dependency structures under the NK model and NKC models. For each row in the table, the overall
project size and the total number of design dependencies are equivalent.

From our simulation results, we further observe that the effect of additional dependencies
can have opposite effects in the NK and NKC models. For instance, under the NK model,
additional dependencies effectively reduce the time to reach Nash equilibrium. This result is
consistent with previous research using the NK model in which additional dependencies generate
increasingly "rugged" fitness landscapes which lead to shorter adaptive walks because there are more
local maxima on which to become trapped. In contrast, in this experiment, as additional

dependencies were added, the effect was that the time to reach Nash equilibrium was dramatically
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inereased. ‘The idea that additional dependencies leads to longer searches which correspond to NPD
development time is consistent with intuition. This result follows from the fact that the additional
dependencies in this experiment were all between subsystems as opposed to within subsystems.
This finding leads us to note that, under the NKC model, dense coupling of design decisions within
the sub-teams, relative to the entire system, leads to shorter development times, whereas many inter-
team dependencies leads to substantially longer development times. However, the same dynamic is
not captured by the NK model because it does not explicitly model the effect of several linked NK
models; instead it treats the dependency structure as one large, centrally managed team. The results
of further investigation into the relationship between internal and external sub-team dependencies,
and its effect on project performance (fitness) and development time is presented later in this

section.

5.4.2. Experiment 2: Team Size vs. Number of Teams

Having examined the difference between the simulation results for the NK and NKC
models, we now focus on exploring a central motivating question of this paper, which is, whether
and how does team size and the number of teams on an NPD project affect the project's outcomes.
We retain the NKC model for this experiment in favor of the NK model due to its demonstrated
ability to model the co-evolutionary nature of design teams within an NPD project. We set up 5
stylized NPD projects with varying number of total interdependencies within each project. For each
of the stylized projects we hold the overall project size and total number of interdependencies
constant, and examine the effect of dividing the project into 4 differently sized project sub-teams.
We, therefore, simulate 20 different project structures (5 levels of total interdependencies and 4
methods of partitioning each project). For each of the 20 different project structures, we ran 200
independent simulations. Additionally, for run 7 of 200 in each experiment, we use pseudo-random
number stream / to control for variance due to initial conditions. We report the results of our
experiment, first presenting the outcomes in terms of project quality (maximum fitness), and then
describing the development time (Nash equilibrium) results.

Mascimum Fitness

Figure 21 illustrates the average maximum fitness achieved for the simulated NPD projects
under 4 different project partitioning schemes. First, observing the performance comparison
between projects with a smaller number of larger-sized teams and projects with a greater number of

smaller-sized teams we find, contrary to our initial hypothesis, few significant differences in
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performance (see Table 11) using Tukey’s honestly significant difference (HSD) test to correct for
multiple comparisons. One notable significant difference in average maximum fitness is that the
projects with 10 sub-teams underperform the other projects with fewer sub-teams when there are
relatively few dependencies between components from different sub-teams. This result is explained
by the fact that, despite the fewer number of inter-team dependencies, the greater number of teams
adds a higher "cost of coordination". This coordination cost manifests itself in a higher probability
that, in any given round of the simulation, another sub-team will make a design change that will
negatively impact another sub-team by virtue of having more sub-teams.

Interestingly, however, the projects with a smaller number of larger-sized teams (e.g. $=4,
N'=15) begin to underperform the projects with a greater number of smaller-sized teams when the
number of dependencies between components from different sub-teams is relatively high. This
inverse effect can be seen in Figure 21 where three of the lines intersect the line representing the
§=10, N'=6 partitioning scheme. We can understand why the projects with fewer sub-teams
underperform as the number dependencies increase in this experiment if we consider the source of
the increased inter-team dependencies where this observation occurs. Specifically, we note that as
the value of Y (the number of other sub-teams with which each sub-team interacts) increases (from
1 to 2 to 3), it becomes particularly high relative to the number of sub-teams, §. The result, then, is
that in each round of the simulation, the projects with a high value of Y relative to S, there is an
increased probability that changes in one sub-team will negatively impact another team. Conversely,
in the projects where the value of Y, relative to S, is lower (e.g. Y=3 and S=10), there is a lower
probability that changes made in one sub-team will negatively impact another team. Thus, we find
another possible strategy in managing the cost of coordination in projects: at the strategic level, it is
advantageous to minimize not only the number of total dependencies between sub-teams, but also
the number of sub-teams that interact with other sub-teams (the parameter Y in the NKC model),

especially when the number of sub-teams is small.
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Figure 21. Comparison of results for overall project fitness achieved for identically sized projects that are
partitioned differently.

Dependencies Avg Max Fitness Significance Test
Project Dependency A Sa, B. S5, C. 56 D.S-10, A

Parameters Total Per Component  Intra/Inter N=15 N=12 N=10 N=6 HSD Sig.
K'=4, C=1, Y=1 300 5 41 0.7072  0.7066  0.7075  0.6966 A-D, B-D, C-D
K'=4, C=2, Y=1 360 6 42 07036  0.7072  0.7064 0.694 A-D, B-D, C-D
K'=4,C=3, Y=1 420 7 4/3 0.7022  0.7047 07002  0.6932 A-D, B-D
K'=4, C=2, Y=2 480 8 44 0.663  0.6671 0.672 0.683 A-D, B-D
K'=4, C=2, Y=3 600 10 4/6 0.587 0.6001 0.5994 0.6032 A-B,A-C, A-D

Table |1. Numerical results for average maximum fitness in identically sized projects with different partitioning of

teams. Each line in the table reports a comparison of results in which the parameters N and S were varied, giving
some projects fewer larger teams and other projects a greater number of smaller teams.

From Figure 21, we find that while there are some differences in fitness due to project
partitioning, a more notable difference in fitness results when we modify the number of inter-team
dependencies while holding the intra-team dependencies constant (K'=4). This result is the same as
we observed in Experiment 1, but we note that the result remains the same regardless of the project
partitioning scheme. That is, projects with fewer large teams and many small teams experience the
same phenomenon: better performance when we increase the internal coupling of
interdependencies within sub-teams, relative to coupling between sub-teams. This suggests that

overall system fitness in co-evolving groups is more sensitive to changes in the structure of inter-
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team and intra-team coupling of interdependencies than changes in how the system is partitioned

into groups.

Nash Equilibrium (Development Time)

Figure 22 and

Table 12 reveal that our results for the time to reach Nash equilibrium in a system are not
unlike those obtained for overall system fitness in this experiment. That is, when we partition
projects with an equal number of interdependencies using different schemes, the pattern of results
remains the same with few significant differences between partitioning schemes. As with overall
system fitness, what does seem to matter is the "density" of interdependencies within each individual
sub-team relative to the number of inter-team dependencies. Specifically, when we create sub-teams
that have a higher degree of internal dependency relative to external dependencies, we find that the
time to reach Nash equilibrium is reduced. This finding suggests that "modularizing" the project, by
creating subsystems with a higher density of interdependencies, yields a significant advantage in
terms of development time for NPD projects. Conversely, we note in Figure 22 that there is a
convergence to 2,500 steps which is the value at which we set the max steps variable in this
experiment. In this experiment, the additional dependencies per component are all external to the
subsystem of interest. Thus, in reality, this means that as we increase the ratio of external to internal

dependencies, it is likely that more projects may not converge to a design solution.
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Figure 22. Comparison of results for time to reach Nash equilibrium for identically sized projects that are
partitioned differently.

i Dependencies Time to Reach Nash Equilibrium Significance Test
Project Dependency A.S=4  B.S=5,  C.5=6, D.S=10,

Parameters Total ~ Per Component Intra/Inter N=15 N=12 N=10 N=6 HSD Sig.

K=4, C=1, Y=1 300 5 4/1 299.4 340.1 292.1 271.4 B-D

K=4, C=2, Y=1 360 6 4/2 467.1 483.5 478.4 383.4 None

K=4,C=3, Y=1 420 7 4/3 869.2 720.7 679 485.4 A-D, B-D, C-D, A-B, A-C

K=4, C=2, Y=2 480 8 4/4 1937 1888 1755 1341 A-D, B-D, C-D

K=4, C=2, Y=3 600 10 4/6 2483 2450 2466 2430 None

Table 12. Numerical results for average time to reach Nash equilibrium in identically sized projects with different
partitioning of teams. Each line in the table reports a comparison of results in which the parameters N and S were
varied, giving some projects fewer larger teams and other projects a greater number of smaller teams.

The benefit of shorter development times for projects with a higher degree of modularity
(high internal coupling and low external coupling of dependencies) is explained as follows. When
the design decisions within a sub-team are highly interdependent, the fitness landscape of each sub-
team becomes more rugged which leads to shorter adaptive walks for each team because the
probability of any given team finding a local optimum at a given step increases. Additionally, due to

the higher peaks in the rugged coupled landscapes, each team is also more likely to find a higher
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local optimum which explains why the overall system fitness is improved, on average, when internal
dependency (K') is increased.

One notable difference between project partitioning schemes does exist, as shown in Figure
22: for constant parameters K', C, and Y, projects with a greater number of teams consistently take
less time to reach Nash equilibrium than fewer teams. This result is somewhat surprising, as we had
initially thought that a greater number of teams would be associated with greater coordination and,
thus, longer time to reach Nash equilibrium. However, we found that it is not solely the number of
teams that contribute to the development time of a project; instead, a competing consideration—
team size—also plays a critical role in the time to reach Nash equilibrium. Specifically, the smaller
teams have an advantage because the size of their search space is orders of magnitude smaller than
that of larger teams. We recall that in the NK model the total number of possible configurations
equals 2N, So, in an NPD context of the NKC model, smaller sub-teams can search their individual
fitness landscapes and reach a local maximum faster, but there are more co-evolving teams that
threaten to alter the search of each sub-team which prolongs the search. Yet, in the end, given a
constant project size, our results suggest that smaller sub-team size can yield an advantage in terms
of development time, despite the necessity of having to coordinate a greater number of sub-teams.
To our knowledge, this result, nor its quantification via simulation, has been reported in the extant

literature.

5.4.3. Experiment 3: Inter-team vs. Intra-team design interdependencies

In this experiment, we more fully explore how NPD project architectures impact project
performance measures. Our results, to this point, suggest that benefits accrue to NPD projects
when design decision interdependencies are contained within each team, as opposed to between
teams. NPD projects with this characteristic of high internal coupling of interdependencies are said
to have a modular architecture. We simulate a relatively large number (113) of stylized NPD project
interaction structures by varying the parameters S, N, K, C, and Y in the NKC model. For each of
the stylized NPD project architectures, we conducted 100 independent runs of the NKC model
simulation.

Figure 23 plots the average maximum fitness and the time to reach Nash equilibrium against

a measure of project modularity which we define as the ratio of intra-team interdependencies to
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inter-team interdependencies”. More formally, in terms of the parameters in the NKC model we
define this measure as the interdependency ratio R:
KI
CXY

which gives the number of components within each team that influence a given component in

comparison to the number of components from other teams that influence that same component.
Thus, a higher ratio is an indicator of higher design dependency coupling internal to each team

which is associated with a higher degree of modularity'*.

The table of numerical results is not printed in the main text of this article to conserve space, but is available in
Appendix A.

*Several measures of product modularity have been proposed in the literature (Sosa et al., 2003; Holtta-Otto and
de Weck, 2007), and in this study our measure of modularity is consistent with the notion that modular products
have high internal coupling within each module.
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Figure 23. Average maximum fitness and time to reach Nash equilibrium, plotted as a function of project
modularity.

In Figure 23 it can clearly be seen that, as modularity increases, there is a rapid rise in the
average maximum fitness achieved. However, increased modularity appears to have not only an
upper limit to its benefit, but also a negative effect on fitness achieved when projects become
extremely modular. As projects become very modular, there are few (if any) interdependencies
among the sub-teams and the subsystems for which they have responsibility. Under most
conditions, interdependencies among sub-teams and modules are not desired because they reduce
overall system fitness by constantly frustrating each sub-team's adaptive search.  Yet,

interdependencies among sub-teams also create opportunities for synergistic, or complementary,
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design decisions. So, when these opportunities become overly sparse or non-existent, overall system
fitness is lower than at levels of more moderate modularity. Other researchers have warned that
excessive modularity can lead to ignorance of important cross-module interactions (Ethiraj &
Levinthal, 2004). Our study, however, quantifies this caution through empirical simulation results
using the NKC model which has previously seen limited application.

Figure 23 also shows that projects with a very low degree of modularity (R < 1) take far
greater time to reach Nash equilibrium, and many projects do not converge to a solution within the
time allotted (2,500 simulation steps) in this experiment. In Figure 23, there does, however, appear
to be a critical value of modulatity (R~0.75), above which projects expetience a profound
improvement in the time required to reach Nash equilibrium. It should be noted that when R=0.75,
there is high variability in the time to reach Nash equilibrium. This high variability is attributed to
the size of each sub-team or the number of subteams: projects with smaller teams or fewer teams
perform better than projects with larger sub-teams or more sub-teams, for a constant value of R.
For example, in this study an R value of 0.75 results when K=3 while C=2 and Y=2. When sub-
teams are smaller (e.g. N=5), a constant value of K=3 yields dense set of internal interdependencies
for each sub-team which, as previously noted, provides an advantage in terms of development time
(and overall system fitness). One implication is that if the project will be partitioned such that each
team will have a relatively fixed number of interdependencies for each component in each sub-team,
then smaller teams are preferred to large teams and fewer teams are preferred to more teams. This
effect can be seen graphically in Figure 21 and Figure 22 from Experiment 2.

In sum, it remains that the central result of this experiment is the suggestion that increased
modularity in NPD projects has significant benefits in terms of both overall system fitness and
development time—up to a point. The benefit to overall system fitness levels off and then actually
regresses as modularity becomes extreme, due to the sparseness of potentially complementary
interdependencies. In terms of development time, the benefit of increased modularity levels off but
does not regress. These results, taken together, imply that moderate modularity may, in fact, be

preferred to completely modular designs.

5.4.4. Experiment 4: A Better Search Strategy?

Having modeled NPD as a co-evolutionary process in which the decisions and actions of
sub-teams influence the performance of one another, often creating an unstable process that does

not converge well, our final experiment briefly explores how modifying the behaviors of sub-teams
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might improve this situation. Specifically, we impose a rule regarding whether to adopt the result of
a design change which states: changes will only be accepted if they yield greater than 5 percent
improvement for the subsystem. This assumption is not unrealistic in the domain of NPD in which
small marginal improvements are likely not worth the associated time and cost to implement.

Figure 24 plots a comparison of overall system fitness and time to reach Nash equilibrium
for highly modular systems with the following NKC model parameters: §=5, N=8, K=5, C=1, Y=1
(R=5). In this comparison, it can be observed that when we do not accept small marginal
improvements, the average maximum fitness is slightly reduced because some paths to higher overall
system fitness are not explored. However, we also find that there is a reduction in the time to reach
Nash equilibrium because very small improvements to subsystems, which often negatively affect

other subsystems in a disproportionate fashion, are not adopted.
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Figure 24. Results for overall project fitness and time to reach Nash equilibrium when very small subsystem fitness
gains are not adopted in projects with high modularity. These plots show a comparison of this decision heuristic
with the results obtained using the standard rule where any fitness improvement at the subsystem level is adopted.

Likewise, we modeled identical low modularity systems, using both the standard NKC rules
and our modified heuristic, with the following model parameters: S=5, N=8, K=3, C=3, Y=2
(R=0.5). For NPD projects with low modularity,Figure 25 shows profoundly different results.
First, average maximum fitness of projects is markedly improved by not adopting small marginal
improvements to subsystems. This result is explained by the fact that, in low modularity systems (in
comparison to high modularity systems), there are many interdependencies among subsystems and,

therefore, the adoption of a change in one subsystem typically leads to changes of greater magnitude
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in a higher number of other subsystems. By not adopting small marginal improvements, we
effectively limit the number of times that interdependent subsystems are perturbed or "knocked off"
their own incremental improvement paths. Sub-teams are, therefore, able to locate better overall
design configurations because they are less "interrupted" by the decisions of other sub-teams. The
time to reach Nash equilibrium in low modularity systems is also benefitted by not adopting small
marginal subsystem improvements because sub-teams are only affecting the fitness of other sub-
teams when a marginal improvement is more beneficial, as opposed to generating rework across the

many parts of the project in the pursuit of trivial subsystem improvements.
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Figure 25. Results for overall project fitness and time to reach Nash equilibrium when very small subsystem fitness
gains are not adopted in projects with low modularity. These plots show a comparison of this decision heuristic
with the results obtained using the standard rule where any fitness improvement at the subsystem level is adopted.

In sum, the results of this experiment suggest that, in general, rules regarding individual sub-
team decisions can have a significant impact on the outcomes of an NPD project. Specifically, by
not adopting trivial subsystem improvements, highly modular systems experience a small fitness
decrease, but a corresponding improvement in development time. On the other hand, in low
modularity systems, the elimination of trivial improvement adoption significantly benefits both the

fitness of the system azd the time to develop the system.

79



5.5. Discussion

The application of complexity models to organizational decision making and search
problems has a well-defined literature. The NK model has often been the focus of such research,
while the NKC model has received far less attention and exploration, partly due to its computational
complexity, and partly due to its lack of use within the research community. Using both the NK and
NKC models, we show that the NKC model yields significantly different results for systems with
identical interdependency structures. From an NPD modeling perspective, this has an important
implication: if an organization being modeled is characterized by sub-teams that make local decisions
on their own fitness landscape, but whose decisions also influence other sub-teams, then the NKC
model provides a more realistic representation of such organizations. In the domain of NPD, we
believe this is the case and that the NKC model should be given serious consideration over the more
popular NK model.

How to divide or partition the total design effort in large NPD projects is an important
strategic consideration. For example, should there be smaller number of large design teams, or a
higher number of small design teams? We found that this tradeoff between team size and number
of teams is largely offset as long as the numbers of internal interdependencies and external
interdependencies are held constant, though our results do suggest that smaller sub-teams result in
faster development times, but that smaller sub-teams also yield inferior overall project fitness under
conditions of few external sub-team dependencies. One major implication for managers of large
design projects, based on this research, concerns the ratio of internal interdependencies to external
interdependencies for each sub-team or subsystem. Using the NKC model, we showed that projects
with highly interdependent sub-teams tend to perform poorly, both with respect to overall fitness of
the project and the time to reach a solution. We showed that the performance of such projects can
be significantly improved by adopting more modular interdependency structures, in which each team
has a higher ratio of internal to external dependencies. Extremely modular projects, however, run
the risk of degraded fitness due to elimination of potentially beneficial complementary
interdependencies. It has also been shown, previously, that very modular systems are subject to
imitation by competitors (Rivkin, 2000).

In some design projects, however, managers may not have total control over how teams and
design interdependencies are structured. If this is the case, we showed that outcomes can be

influenced by altering the decision criteria for adopting design changes. For highly modular systems,
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eliminating trivial marginal improvements comes with a tradeoff, in general, between lower fitness
and improved time to reach a solution. Perhaps more importantly, if a design effort is characterized
by many interdependent sub-teams, significant improvements can be made by not allowing
individual design teams to adopt design changes that only yield small marginal improvements to

their own subsystem.

5.6. Conclusion

Ultimately, the study and modeling of co-evolutionary design teams is important, especially
with the advent of virtual organizations that are geographically dispersed and more autonomous. In
this paper, we have begun to examine how co-evolutionary team dynamics, governed by a relatively
small number of parameters, can influence the performance of NPD projects. We revealed that the
nature of many NPD projects—specifically, those in which design efforts are divided among several
teams—demands a different modeling framework than one that assumes centralized management
and decision making. The results of our simulations also help make an important distinction
regarding complexity in NPD: it is not so much the size of the NPD project, or the density of
dependencies within a project, that drives complexity. In fact, we found that, in projects of identical
size, some projects with more dependencies outperformed those with fewer dependencies. This is
because complexity in projects characterized by subdivision of design tasks is driven by how the
dependencies are distributed within and among the work teams.

Our research in this study opens several new and important research directions. First, we
only explored one possible decision rule modification, but important insights could be gained by
exploring how alternate search behaviors among co-evolutionary teams impact project-level
outcomes. For instance, what if some design activities are "frozen" after they reach a threshold level
of performance? Or, what if teams and agents engage in satisficing behavior, rather than constantly
seeking higher fitness? Second, our modeling used stylized project and team interdependency
structures, in which we assumed homogeneous values for team size (IN), internal complexity (K), and
external influences (C and Y) within each simulated project. However, many more patterns of
interaction exist for real-world projects; namely, in many projects some components or subsystems
have many more interdependencies than others and, thus, can either be more sensitive to changes or
cause more perturbations within the system. Rivkin and Siggelkow (2007) explore several other
stylized patterns of interdependencies, but only for one team at a time. Investigation into how co-

evolutionary teams with different interdependency structures would add to the research on NPD

81



modeling. Additionally, in NPD projects, managers and engineers typically have some knowledge
regarding how a change to one component will affect other components. Therefore, structured
(Solow et al., 1999) and weighted interdependencies (e.g. Pimmler and Eppinger 1994) could be
modeled and explored in the context of co-evolutionary design projects.

Understanding complex NPD projects from the perspective of interdependent design teams
requires a modeling framework that accounts for co-evolutionary design decisions. It is our hope
that we have begun to pave a path of new research that uses the NKC model in the NPD domain by
providing insight into 1) how NPD projects can be modeled, 2) the trade-offs among different
approaches to organizational and product architectures, and 3) future research paths stemming from

this current study.
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Chapter 6: Conclusions and Future Research Directions

The NK model has provided numerous researchers in diverse disciplines with a tool for
modeling the interaction of entities at multiple scales, from genes to people to firms to industries. A
review of the literature on new product development (NPD) suggests that the NK model may be
well-suited for modeling the interacting decisions among designers and the dependencies between
components that give rise to complexity in the NPD process. However, a critical review of the NK
model finds that the NK model can, and should, be modified if it is be used in NPD research and
practice.

The primary contribution of this dissertation is the detailed investigation and treatment of 1)
the assumptions of the NK model and 2) the contextual realities of NPD. We integrate these two
relevant areas of investigation and argue that the NK model can be extended in a number of
different ways to reflect real-world NPD dynamics. Our research has led us to develop new
modeling constructs for applying the NK model to the NPD process, as well as overarching insights
for NPD practice. In this summary chapter, we synthesize and present the salient the findings from
the three related research efforts that comprise this dissertation, and identify promising future

research directions for NPD stemming from this research.

6.1 Overarching Findings and Insights

Our first study in this dissertation examined search behavior in NPD, as well as costs associated
with search. Next, we explicitly explored the modeling of interactions between decisions and

components within an NPD project. Finally, we investigated the nature of how NPD projects are
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generally organized and managed, and concerned ourselves with questions related to span of control

for teams and how teams interact internally as well as with other teams on the same NPD project.

We now highlight the primary conclusions and contributions from our research:

Viewing NPD as a search problem, we discuss that the NK model does not attribute any
cost to each move on the fitness landscape. We also discuss that search agents in NK model
do not pursue moves fail to yield an overall system improvement. We argue that these two
notions are not congruent with how NPD firms and teams actually operate. This is an
important theoretical insight if, in fact, NPD researchers are to use NK model. From a
practical perspective our extended NK model that relaxes these two assumptions then finds
that firms faced with increased complexity stand to benefit most from increased exploration
of paths that, at first, do not appear promising. However, we also find that the benefit of
increased exploration experiences diminishing returns.

After examining the search behavior of agents and firms, we analyze how dependencies and
component-level changes in the NK model align with the realities of NPD. We find that
there are additional assumptions of the NK model that are not congruent with NPD
practice.  Specifically, we note that NPD managers and engineers typically have some
knowledge regarding the dependency between system elements. We also note that NPD
managers and engineers make conscious (not random) decisions regarding component-level
changes which necessitate a different probability distribution to be applied in the modeling
of changes. Along these lines, we develop two new modeling constructs that extend the NK
model for NPD and produce managerial insights. Namely, whereas the NK model calls
attention to the number dependencies within a system, we find that the nature of

dependencies between components is a more important determinant of project outcomes.

In our final study, we explicitly model structures typical of how NPD firms organize and
manage projects. For NPD modeling and research, we find that the NK model alone does
not adequately represent how decisions and teams interact on projects which have multiple
teams that have some level of interdependency between them. Instead, a variant of the NK
model, known as the NKC model, generates a federation of linked NK models which more
realistically captures the dynamic of co-evolving teams on the same project. This is an
important theoretical consideration because identical dependency structures can yield
profoundly different results under the NK model versus the NKC model. Additionally,

from an applied perspective, we explored the trade-off between partitioning a project into

84



fewer large teams versus more small teams. We found that for a constant project size and
constant number of dependencies per component, a larger number of smaller teams is able
to converge to a solution faster, on average, than fewer large teams but at some expense in
terms of overall project performance when the project is characterized by modularity. We
also found that long search processes in projects with co-evolving teams can be attenuated
by modifying the team level behavior; specifically, if teams forego trivial subsystem-level
improvements, the overall search process is greatly reduced, especially for projects with

highly interconnected teams.

6.2 Future Research Directions

The investigations and explorations into modeling NPD as a complex system using the NK

modeling framework lead us to a series of promising future research directions. Generally speaking,

because the NK and NKC models are agent-based models, we believe that some of the most

promising future research lies in agent-level modeling to produce system level insights. Specifically:

1.

In this research we have modeled agents using simple behavior rules, but decision makers
often behave in unforeseen ways as they are subject to many different motives and
incentives. Therefore, we feel that building a participatory simulation (e.g. Colella, 2000) can
help reveal how decision-makers behave under different conditions and situations which, in
turn, will allow for building more realistic models of NPD.

Related to the notion of decision maker behaviors, the research in this dissertation reveals
that teams acting locally can adversely affect the performance of the overall project,
especially when teams have a high degree of interdependence. Therefore, research into
structures and strategies that can incentivize managers and engineers to act with an enhanced
project-level perspective has significant value.

Finally, an important research direction relates to empirically validating the impact of
complexity in NPD projects. Finding primary sources of data on NPD project decisions and
performance is admittedly difficult due to the confidential nature of many such data.
However, some firms and organizations may be willing to provide such data if the data is
masked such that it is not attributable to a given firm or project, if they can be convinced of

the significant potential benefits from modeling and simulation of complex NPD projects.
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Additionally, it is recognized that the modeling and simulation approach used to explore
NPD dynamics in this research is but one possible approach. It was shown that the dependencies
and interactions within NPD projects can be represented using a matrix form. Therefore, analytical
modeling approaches, using concepts such as principal component analysis, could potentially be
used to gain additional insights regarding the structure of large NPD projects

Complexity science is a nascent science, not yet fully developed or appreciated. New
product development is also a relatively new endeavor in the course of human history. Therefore, it
is critical that we better understand how networks of human activity and decision making impact the
outcome of projects that directly impact firm competitiveness and, ultimately, our competitiveness

as a nation in the global economy.
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Appendix A

In this appendix we present the full table of results for our experiment from Section 5.4.3, in which
we explored how project product architectures impact project performance measures. We recall that
R is the ratio of intra-team dependencies to inter-team dependencies, defined formally as:
K’
fooxy
where K’ is the number of dependencies, per component, within each team; C is the number of
other sub-teams that create at least one dependency for each component; Y is the number of
dependencies that each of the C teams create for each component. Therefore, the product of C and

Y gives the total number of external dependencies for each component.

Avg. Time to

Total Avg. Max Nash

S N K C Y Dependencies  Modularity, R Ftness equlilibrium
5 8 0 5 1 200 0.00 0.5631 2433
5 8 1 5 4 840 0.05 0.5212 2501
5 8 1 4 4 680 0.06 05211 2501
5 8 1 8 2 680 0.06 0514 2501
5 8 1 3 4 520 0.08 0.5247 2501
5 8 1 4 3 520 0.08 0.5356 2501
5 8 1 2 4 360 0.13 0.5538 2501
5 8 1 4 2 360 0.13 0.5499 2501
5 8 3 6 3 840 0.17 0.5351 2501
5 8 3 7 2 680 0.21 0.5416 2471
5 8 1 4 1 200 0.25 0.634 1966
5 8 1 1 4 200 0.25 0.6055 2398
5 8 1 2 2 200 0.25 0.6269 2199
5 8 1 2 2 200 0.25 0.6269 2199
8 5 1 2 2 200 0.25 0.6342 2077
6 8 1 2 2 240 0.25 0.6083 2396
8 6 1 2 2 240 0.25 0.6102 2384
7 8 1 2 2 280 0.25 0.6 2430
8 7 1 2 2 280 0.25 0.5979 2453
8 8 1 2 2 320 0.25 0.596 2468
8 8 1 2 2 320 0.25 0.596 2468
8 9 1 2 2 360 0.25 0.5973 2488
9 8 1 2 2 360 0.25 0.5948 2494
8 10 1 2 2 400 0.25 0.5928 2487
10 8 1 2 2 400 0.25 0.5978 2501
8 11 1 2 2 440 0.25 0.5854 2501
11 8 1 2 2 440 0.25 0.6012 2487
5 8 3 5 2 520 0.30 0.5568 2457
5 8 5 8 2 840 0.31 0.5415 2471
5 8 5 6 2 680 0.42 0.5691 2351
5 8 3 3 2 360 0.50 0.6104 2159
5 8 3 2 3 360 0.50 0.5964 2389
5 8 7 7 2 840 0.50 0.5981 1957
5 8 5 4 2 520 0.63 0.6247 2019
5 8 5 2 4 520 0.63 0.6131 2169
4 15 4 2 3 600 0.67 0.587 2483
5 12 4 2 3 600 0.67 0.6001 2450
6 10 4 2 3 600 0.67 0.5994 2466
10 6 4 2 3 600 0.67 0.6032 2430
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Avg. Time to

Total Avg. Max Nash

S N K C Y Dependencies  Modularity, R Fitness equlilibrium
5 8 7 5 2 680 0.70 0.6366 1446
5 8 3 4 1 280 0.75 0.6923 784.6
5 8 3 1 4 280 0.75 0.6675 1621
5 8 3 2 2 280 0.75 0.6899 1209
8 5 3 2 2 280 0.75 0.6944 995.4
6 8 3 2 2 336 0.75 0.6735 1691
8 6 3 2 2 336 0.75 0.6756 1456
7 8 3 2 2 392 0.75 0.6675 1824
8 7 3 2 2 392 0.75 0.6562 1966
8 8 3 2 2 448 0.75 0.6386 2160
8 8 3 2 2 448 0.75 0.6386 2160
8 9 3 2 2 504 0.75 0.6272 2366
9 8 3 2 2 504 0.75 0.6382 2312
8 10 3 2 2 560 0.75 0.6335 2433
10 8 3 2 2 560 0.75 0.6367 2337
8 11 3 2 2 616 0.75 0.6273 2435
11 8 3 2 2 616 0.75 0.6345 2366
5 8 1 1 1 80 1.00 0.6994 242
8 5 1 1 1 80 1.00 0.696 479.6
6 8 1 1 1 96 1.00 0.6968 413.2
8 6 1 1 1 96 1.00 0.7001 399.2
7 8 1 1 1 112 1.00 0.6961 381.2
8 7 1 1 1 112 1.00 0.7002 395.7
8 8 1 1 1 128 1.00 0.6989 529.4
8 9 1 1 1 144 1.00 0.6958 561.3
9 8 1 1 1 144 1.00 0.6999 4815
8 10 1 1 1 160 1.00 0.6985 666
10 8 1 1 1 160 1.00 0.6996 544.4
8 11 1 1 1 176 1.00 0.6978 534.8
11 8 1 1 1 176 1.00 0.6972 670.8
4 15 4 2 2 480 1.00 0.663 1937
5 12 4 2 2 480 1.00 0.6671 1888
6 10 4 2 2 480 1.00 0.672 1755
10 6 4 2 2 480 1.00 0.683 1341
5 8 7 3 2 520 1.17 0.6651 610
5 8 7 2 3 520 1.17 0.6687 858.8
5 8 5 1 4 360 1.25 0.6913 664.6
5 8 5 4 1 360 1.25 0.6861 394.4
5 8 5 2 2 360 1.25 0.6896 607.8
4 15 4 3 1 420 1.33 0.7022 869.2
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Avg. Time to

Total Avg. Max Nash

K C Y Dependencies  Modularity, R Ftness equlilibrium

5 12 4 3 1 420 1.33 0.7047 720.7
6 10 4 3 1 420 1.33 0.7002 679
10 6 4 3 1 420 1.33 0.6932 485.4
5 8 3 2 1 200 1.50 0.7053 362.4
5 8 3 1 2 200 1.50 0.7094 453
4 15 4 2 1 360 2.00 0.7036 467.1
5 12 4 2 1 360 2.00 0.7072 483.5
6 10 4 2 1 360 2.00 0.7064 478.4
10 6 4 2 1 360 2.00 0.694 383.4
5 8 5 2 1 280 250 0.6893 222
5 8 5 1 2 280 2.50 0.6973 224.2
5 8 3 1 1 160 3.00 0.7101 214.2
8 5 3 1 1 160 3.00 0.697 191.2
6 8 3 1 1 192 3.00 0.7083 237.7
8 6 3 1 1 192 3.00 0.706 274.2
7 8 3 1 1 224 3.00 0.707 278.6
8 7 3 1 1 224 3.00 0.7078 283
8 8 3 1 1 256 3.00 0.7124 3415
8 8 3 1 1 256 3.00 0.7124 3415
8 9 3 1 1 288 3.00 0.7093 410.5
9 8 3 1 1 288 3.00 0.7075 450.2
8 10 3 1 1 320 3.00 0.7074 492
10 8 3 1 1 320 3.00 0.709 443
8 11 3 1 1 352 3.00 0.7093 496.3
11 8 3 1 1 352 3.00 0.707 526.6
5 8 7 1 2 360 3.50 0.6762 240.5
5 8 7 2 1 360 3.50 0.6722 160.6
4 15 4 1 1 300 4.00 0.7072 299.4
5 12 4 1 1 300 4.00 0.7066 340.1
6 10 4 1 1 300 4.00 0.7075 292.1
10 6 4 1 1 300 4.00 0.6966 271.4
5 8 5 1 1 240 5.00 0.6936 181.6
5 8 6 1 1 280 6.00 0.6838 167.2
5 8 7 1 1 320 7.00 0.6733 154.8
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