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Abstract
How System Architecture Shapes Performance Curves;
a simulation study of systemic innovation inertia
by F.S.(Fêdde) Zijlstra
Performance curves express how the performance of products or processes increased with
growing experience. However, experience is not the only factor influencing performance,
therefore the predictive and strategic value of standard performance curve models is limited. This issue partially is addressed by multi-factor performance curve models including
organizational factors influencing performance growth. This thesis proposes the inclusion of
innovation inertia as an additional factor in forecasting performance curves.
Two alternative measures of innovation inertia are contrasted using a simulation model,
which first considers direct influences between components and the second additionally
accounts indirect influences. An accurate measure of innovation inertia should capture both
the number of components, the number of interactions, and the pattern of interactions.
Results of the analysis indicate that, although both measures correlate, they are distinct
and can produce different forecasts. Moreover, the study shows innovation inertia can be
used to accurately predict the behavior of evolutionary models of innovation, which can be
included in multi-factor performance curve models.
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Introduction

Introduction

Technological progress and innovation are inherently unpredictable, innovation is by definition
the implementation of a new idea or invention (Greenhalgh & Rogers, 2010). Nonetheless,
patterns can be recognized even in a process as complex as innovation. In 1936, Wright
documented one such pattern later popularized under the term learning curve or performance
curve 1 , the paper describes how the labor costs of producing airplanes decline when more are
produced. The relation between these factors follows a power law, i.e. doubling cumulative
production reduces labor costs with a fixed rate.
Since the publication of Wright (1936) performance curves have been documented in
different industries (Argote & Epple, 1990), e.g. in the production costs of power plants
(McNerney, Doyne Farmer, & Trancik, 2011), ethanol (Alberth, 2008), photovoltaics (Nemet,
2006), and transistors (Moore, 1965). Furthermore, performance curves have been found in
many other diverse contexts such as Kibbutz farming productivity (Barkai & Levhari, 1973).
The progress ratio of performance curves, i.e. its slope, varies significantly across firms and
technologies (Dutton & Thomas, 1984), as well as the volatility or plateauing of the curve
(Muth, 1986; Auerswald, Kau, Lobo, & Shell, 2000).
Different scientific studies aim to find organizational drivers influencing the shape of
performance curves to reduce the large differences in progress ratios, e.g. employee turnover,
knowledge transfer, and organizational “forgetting” (Argote & Epple, 1990). Furthermore,
Alblas and Langerak (2015) have found progress ratios can be increased by investments in
learning during the first stages of production, specifically by allowing space for improvisation
and trial-and-error. Understanding the organizational drivers of performance curves is highly
valuable for management as it can provide valuable strategic recommendations.
However, organizational factors do not account for all differences between progress ratios in different industries, as technological complexity also influences the ease with which
technologies can be innovated. Understanding the relation between technological complexity
and performance curves can potentially improve the forecasting power of performance curve
models. Moreover, it provides engineering management the opportunity to intentionally
engineer technological systems to have high progress rates.
A technological product can be seen as a system of interacting components (Simon,
1962). Inspired by biological studies, innovation of technological products can be seen as an
evolutionary process, where progress stems from continuous changes in its components, which
are only accepted if they are beneficial (Auerswald et al., 2000; McNerney, Farmer, et al.,
2011). Evolutionary models of innovation show that components with a large influence on
the system are more difficult to change than components with little influence on the system
(Frenken, 2006b).
To illustrate, let us consider a photovoltaic system. There is much interest in the
performance curve of photovoltaics, as it can help to predict the moment when electricity
produced by photovoltaics is cheaper than electricity produced through conventional methods,
i.e. grid parity (Breyer & Gerlach, 2013). Current performance curve models of this technology
are dependent on the historic progress ratio and neglect technological complexity (Farmer
& Lafond, 2016). However, photovoltaic installations can be seen as a system consisting of
many components, where not all are equally important or influential. The solar panels itself
are influential components, changing the design of the panels will have large effects on the
design and performance of the system’s mounting, cabling, inverter, control, etc. On the
other hand, changing the tracking system, which directs the panels towards the sun, will have
1

Throughout this thesis the term “performance curve” will be used instead of the more specific term
“learning curve”, see Section 2.1 for a more extensive argumentation.
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little effect on the rest of the system. Due to its influence on the rest of the system, the solar
panel is relatively more difficult to change than the tracking system.
In general, it can be said that an integrated system, e.g. mobile phone, characterized by a
large number of connections between components, is difficult to change (Ulrich, 1995). On
the contrary, in a modular system changing one component has little effect on the system,
e.g. a LEGO vehicle can be changed easily. This increasing difficulty to adapt systems when
they are highly connected can be understood as a resistance to change, as additional efforts
are required to bring about equal change in a highly connected system relative to a less
connected system. Henceforth, this thesis will use the term innovation inertia, expressing
the resistance to change of a system caused by its architecture, where both the number of
connections between components as well as the pattern of interactions have influence (Rivkin
& Siggelkow, 2007).
Although evolutionary models of innovation provide valuable insight on the relation
between system architecture and innovation dynamics, a gap remains between the current
scientific understanding of systemic innovation inertia and scientific models forecasting
performance curves. Therefore, this study aims to develop a quantitative measure of innovation
inertia, which can be used to improve the accuracy of performance curve forecasts and
provides engineering management the opportunity to intentionally design systems for optimal
performance curves.
For this purpose, Chapter 2 presents a review of performance curve literature, elaborating
on how forecasts of performance curves and their strategic value could benefit from an
inclusion of innovation inertia. Subsequently, the chapter presents literature on how products
can be approached as systems and introduces two evolutionary models of system innovation.
Section 2.4, aims to develop a quantitative measure of innovation inertia based on empiric
descriptions of change propagation from the field of engineering design and metrics from
the field of complexity science. Finally, Section 2.5 presents hypotheses describing the
expected relationship between the proposed definition of innovation inertia and the dynamics
of performance curves.
Chapter 3, describes the methodological approach to testing the hypotheses presented
in Section 2.5. The chapter describes how three different models are developed, how data
is generated, and how the behavior of the models is statistically tested. The results of this
analysis are presented in Chapter 4. The research project is concluded with a discussion of the
results in Chapter 5. This Chapter subsequently presents the study’s managerial implications,
scientific contributions, and limitations, and identifies avenues for future research.
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Literature Review

Literature Review

This chapter presents the theoretic basis of this research project by addressing the gap
between the current scientific understanding of systemic innovation inertia and performance
curve models, as introduced in Chapter 1. Section 2.1 reviews literature on performance
curves and elaborates on three issues that provide room for improvement of performance curve
models: (i) the large unexplained variance between progress ratios of different technologies,
(ii) plateauing effects that are neglected although they have influence on the performance of
individual firms, and (iii) the model’s limited strategic implications.
Section 2.2 presents literature on methods to describe system architecture, where a product
is seen as a system consisting of interconnected components. This view of products forms the
basis of the evolutionary models of innovation presented in Section 2.3, and the subsequent
Section 2.4 on measures of innovation inertia. The chapter is concluded in Section 2.5, where
three hypotheses are formulated describing the expected relationship between innovation
inertia and performance curves.

2.1

Performance Curves

In general, performance curves describe a relationship between a measure of performance,
such as per unit production costs, and a measure of experience, such as cumulative production.
This relation between performance and experience was first documented by Wright (1936),
who specifically studied the influence of experience measured by cumulative production on
the per unit labor costs of producing airplanes. He observed that because of an increasing
stock of experience, airplanes were constructed in ever shorter time spans. As the curve
described by Wright concerns learning, or more specifically learning by doing (Arrow, 1962),
it is often labeled as learning curve or experience curve.
The curve reported by Wright (1936) describes a power-law relation between unit labor
costs and cumulative production, see Equation 2.1. The labor costs required for production
of the x -th unit of a product, depend on the unit labor costs of the first unit, and a positive
factor A. Progress ratios vary across different technologies and firms, Dutton and Thomas
(1984) presented 108 cases with ratios varying from 55% to 108% with an average of 80%, see
Figure 2.1. A progress ratio of 80% corresponds to A = 13 in Equation 2.1.
px = p0 · qx−A

(2.1)

Unlike the work of Wright (1936), this research project is not exclusively focused on the
dynamics of employee learning, and rather explores the influence of technological complexity
on product evolution. The market performance of a product can be increased by reducing
production costs or increase customer value, both mechanisms will increase the competitive
advantage of a firm (Hoopes, Madsen, & Walker, 2003; Tirole, 1988, p. 21-34). Lowering the
production costs can help to lower the sales price and increase market share, whilst increasing
consumer value can also attract new customers and increase market share. Hence, instead
of learning curve, performance curve is the most suitable term describing the evolution of
product performance over time, including both the cost reducing effects of learning and also
the value improving changes to the product. Therefore, the latter term will be used in the
remainder of this thesis.
The law of Moore provides an example of an performance curve focused on performance
instead of learning, it describes the exponential growth of technological performance of
microchips over time (Moore, 1965), see Equation 2.22 . The curve describes the number of
2

The progress ratio in this formula is encoded in factor B.
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Figure 2.1: Distribution of learning ratios, N=108 (Dutton & Thomas, 1984)

components per circuit as a measure of performance instead of unit labor costs and uses time
as a measure of experience instead of cumulative production. Although the law is similar
to Wright’s law, production is a more accurate indicator of price dynamics than time when
forecasting at a larger time horizon, i.e. Wright’s law outperforms Moore’s law (Bailey, Bui,
Farmer, Margolis, & Ramesh, 2012).
px = p0 · B t

(2.2)

The strategic implications of Wright’s law are limited, as the price of production is only
dependent on one factor, cumulative production. This suggests that firms with the largest
market share will reap the most benefits of the effects of learning, whilst market share is
not the only means to reduce production costs (Dutton & Thomas, 1984). Moreover, the
progress ratio has a high unexplained variance, see Figure 2.1. Hence, progres ratios need to
be estimated by fitting the model to historic data. Furthermore, it has proven difficult to
separate cost reductions through economies of scale from cost reductions driven by learning,
since many technologies experience exponential production growth (Abell & Hammond, 1979;
Boston Consulting Group, 1970; Bailey et al., 2012; Nagy, Farmer, Bui, & Trancik, 2013).
For these reasons, it is valuable to find additional factors influencing a technology’s progress
ratio, e.g. learning by searching (R&D investment), learning by using, learning by interaction,
organizational forgetting (due to production breaks), employee turnover, knowledge transfer
from related production processes, economies of scale, and investments in capital (Dutton &
Thomas, 1984; Argote & Epple, 1990; Kamp, Smits, & Andriesse, 2004).
Especially learning by searching, measured by R&D spending, has been applied to
extend models of performance curves. Functions that describe performance curves using
both cumulative production and R&D investments are labeled two-factor learning curves,
application to sustainable energy technologies has indicated how R&D spending influences
progress ratios (Kouvaritakis, Soria, & Isoard, 2000; Jamasb, 2007; Usui, Furubayashi, &
Nakata, 2017).
TU/e
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Production costs (P (x))

Although these firm and market specific factors can provide valuable insight into differences
in learning rates between different market structures and managerial practices, none truly
grasp factors of technological complexity causing differentiation of progress rates. State
of the art statistical models still significantly depend on auto correlation of historic data,
i.e. determining the progress ratio by using historic data (Bailey et al., 2012; Nagy et al.,
2013; Farmer & Lafond, 2016). The accuracy and value of performance curves would increase
when based on causal mechanisms for the differentiation of progress ratios.
1
Wrights Curve
Plateau Curve

0.8
0.6
0.4
0

10

20

Cumulative production(x)
Figure 2.2: Staircase pattern of performance curves

Besides the fact that there is unexplained variance in the progress ratio of Wright’s law,
there is also curvature misspecification. Wright’s law presents a curve that is very smooth
but actual cost reduction curves will show a staircase pattern (Muth, 1986; Bendler &
Shlesinger, 1991; Auerswald et al., 2000), see Figure 2.2, where production costs are plotted
against cumulative production3 . The severity of the plateauing effect, i.e. ruggedness of the
performance curve, is largely unexplained by the previously presented performance curve
models. However, it can partially explain why on a short term, two identical firms might
experience different progress ratios.
To summarize, there are two types of unexplained variance in current performance curve
models: (i) unexplained variance in progress ratios, and (ii) neglected variance around the
power-law curve by the plateauing effect. Furthermore, performance curve models are only
based on a measure of experience, e.g. cumulative prediction. Therefore, the model provides
few strategic implication, as, according to the model, benefits of learning can only be enhanced
by increasing market share. As a consequence of the variance in progress ratios and the single
factor approach, the progress ratio of a technology has to be estimated by measuring its
historic record, making it impossible to forecast trajectories of new technologies.

2.2

System Architecture

Performance curve forecasts can by improved by including causal mechanisms that explain
why technologies have such different progress ratios (Farmer & Lafond, 2016). However,
assessing the technological complexity and ranking different technologies with respect to
their technological complexity is an inherently difficult exercise. Qualitative comparisons of
technologies can identify specific factors or problems slowing technological progress, but the
analyses are often difficult to generalize. One can quantitatively differentiate technologies
with respect to historic progress ratios or return on R&D investments, but identifying
causal mechanisms driving progress ratios is nontrivial. This section introduces a method
3

Note that this cost curve can be seen as the inverse of a performance curve.
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to quantitatively assess and map the system architecture of a product, which relates to its
technological complexity. Subsequent sections elaborate on the relation between system
architecture and performance curves.
In recent years the academic field of complexity science has formed, providing an alternative
perspective on various problems by classifying systems with respect to the interactions
(i.e. interdependencies) between components (N. F. Johnson, 2011). Such a perspective has
been applied to many social, economic, and ecological systems. For example, it has been
applied to a system of ants, who can sustain trails to reach food sources by leaving simple
chemical traces without central coordination (Schweitzer, Lao, & Family, 1997). Likewise, it
can be applied to a flock of birds, who fill summer skies by flying in beautiful shapes driven
by simple rules of attraction, alignment, and repulsion (Sumpter, 2006). These examples
illustrate how simple rules of interaction can explain astonishing emergent behavior, without
the need for intelligent agents.
However, the study of complexity science is not limited to social and ecological systems,
even complex technologies can be studied with similar methods. For a start, technological
products and processes can be identified as systems (Simon, 1962), they are composed of
components that interact with each other. A car consists of components such as an engine,
chassis, gearbox, and wheels. When all these components are connected in the right way the
car will function properly. When one of the components fails, the performance of the whole
system will decrease, e.g. a car without a functioning engine cannot drive. Furthermore, the
number of components of a process or product can be used as a proxy for its technological
complexity (Bozarth, Warsing, Flynn, & Flynn, 2009).
Interactions between components of a technological system can be mapped in design
structure matrices (DSM) (Steward, 1981; Eppinger & Browning, 2012). DSMs have been
developed in the field of engineering design, where they are used to detect functional blocks in
systems and processes with respect to the interactions between components. DSM methods
relate to complexity science as both are focused on the interactions between the components
of a system. Figure 2.3a depicts the DSM of a simple system consisting of seven components.
In this figure, a black box indicates a relation between component i and j of the matrix, e.g. G
influences B. All components influence themselves, therefore the diagonal of the matrix is
filled.
Network graphs are an alternative system representation to DSMs. Figure 2.3b presents
the same information as the DSM in Figure 2.3a, although the focus of both representations
is different. The matrix format of DSMs provides clear insight into clusters of components
and relations between components are easily readable (Eppinger & Browning, 2012, p. 4-6).
On the other hand, a network figure provides a clear depiction of the dependency flows and
of the overall structure, or topology, of the system. The network in Figure 2.3b is scaled with
respect to the node outdegree, i.e. the number of outgoing links, this scaling clearly illustrates
the relative importance of components D and B. Section 2.4.2, elaborates on measures to
identify the relative importance of components of a network, which are centrality measures.
Developing a DSM of a technological system is a non-exact science, it depends on engineering insight and the definition of a DSM can be subject to debate. Dependent on the goal of the
DSM analysis, decisions have to be made regarding these three parameters: the boundaries of
components, the level of granularity, and the definition of interactions. Engineers commonly
differentiate between spatial-, energy-, and information-based interactions, although other
categories can also be used (Pimmler & Eppinger, 1994; Sosa, Eppinger, & Rowles, 2003;
Tilstra, Seepersad, & Wood, 2009). The definition of components is influenced by the focus
of the DSM analysis. To illustrate, from a maintenance perspective the system can be
decomposed on a spare-part level. Whereas a system analysis from an operational perspective
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(b) Network representation

Figure 2.3: Example system in matrix and network representation

can be concentrated on the functional relations between components, i.e. function/service
based instead of assembly based (Chiriac, Hölttä-Otto, & Lysy, 2011a). To be able to compare
different systems, the DSMs need to be constructed with respect to the same guidelines; the
granularity needs to be consistent over all components, to prevent skewed analysis (Chiriac,
Hölttä-Otto, & Lysy, 2011b). Moreover, the components should not be overlapping, to
promote clarity (Tilstra, Seepersad, & Wood, 2012).
Guidelines for the definition of DSM granularity are relatively well established in the
analysis of software products, where relations between different functions can be easily
extracted. These products generally consist of three hierarchical levels4 : a directory level,
a source file level, and a function level. When assessing change propagation through a
software product, the source file level is most accurate. Source files contain several functions
with a similar focus, which could potentially be in conflict with the nonoverlap requirement.
Moreover, it is at the source file level that tasks and responsibilities are allocated to engineers
(MacCormack et al., 2007). Because of these reasons, the source file level is frequently used
in DSM analysis of software systems (Eick, Graves, Karr, Marron, & Mockus, 2001; Rusovan,
Lawford, & Parnas, 2005; Cataldo, Wagstrom, & Herbsleb, 2006; MacCormack, Baldwin, &
Rusnak, 2012). This uniform granularity across different studies benefits the comparability
of the results. Unfortunately, it is more complicated to define similar distinct granularity
levels in mechanical systems.
In short, this section presents three main points; (i) products and processes can be seen
as systems composed of interacting components; (ii) the architecture of a system can be
mapped in a DSM and alternatively presented as a network; and (iii) to compare DSMs
the granularity, the definition of components, and the definition of interactions need to be
comparable, which is not always the case.

2.3

Evolutionary models

The development of technologies over time, or technological innovation, can be seen as a
process of evolution, on the condition that the evolutionary forces variation, selection, and
retention, can be identified (Mesoudi, Whiten, & Laland, 2004). For the assessment of
evolutionary innovation of technological products, it is important to view them as systems.
4
This paragraph is indebted to MacCormack, Rusnak, and Baldwin (2007), who provide a clear argumentation on the definition of DSM granularity in software products.
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To illustrate the link between evolution and innovation, let us say that the system in
Figure 2.3 is decomposed at the level at which change occurs, and we have one engineer
burdened with the improvement of one component at a time, e.g. component A. The engineer
will then take one component, develop a new concept solution, and test this solution. The
test will either show that the change has improved or decreased the system performance, the
engineer will accept change when it is beneficial to the system. By doing so, the engineer
introduces a selective pressure on technological development with respect to performance.
When a population of engineers is given four weeks to further develop the initial system,
they can come to different solutions although all will have some likeness to the initial system.
In this simple example, the change one engineer proposes can be seen as a mutation of the
original system, i.e. variation, because only one component will be changed at a time there
is a large level of retention, and the testing phase of the engineer introduces a selection
process. Furthermore, the market will reward the engineers whose systems have the highest
performance, introducing a second selective pressure.
When the engineer has developed a new concept component A, he will have to make sure
that there are no conflicts with other components of the system. He will ask questions like:
does the component still fit; is the energy exchange still safe; and has the performance of the
system as a whole improved? The likelihood of problems arising in the phase where changes
are implemented rises when the changed component has a larger influence on the system.
Component E only influences F, a relatively low likelihood of problems. Whereas component
D influences B, E, F, and G, and therefore has a larger probability of causing problems. This
can be summarized by the axiom that influential components are more difficult to change
than components with less influence (Frenken, 2006a). Consequently, systems with lower
levels of complexity can be expected to evolve at higher speeds (Simon, 2002; Scheffer et al.,
2012).
Nonetheless, adapting evolutionary models to describe innovation processes should be
done with care, since biological and technological contexts have unique differences (Simonton,
1999; Mesoudi et al., 2004; Solé et al., 2013). For example, trajectories of technological
progress can be more erratic than those in a biological context. Partially because firms can
adopt other technologies with relative ease, - e.g. from the market, by acquiring another firm,
or through R&D - whereas biological organisms have limited acquisition powers. Nonetheless,
evolutionary models can provide valuable insight into innovation processes.
2.3.1

NK model

One class of evolutionary models that have been applied to the evolution of systems is NK
models. This class of models is based on a biological application of complexity science to
model the evolution of organisms (Kauffman & Levin, 1987) but has been used in technological
contexts as well (Auerswald et al., 2000; Frenken, 2006b; Rivkin & Siggelkow, 2007). To
do so, a technological system can be seen as a genome with interacting genes, instead of a
system with interacting components. These genes can have several states, for instance, active
or inactive, which can be described by a string of values. Figure 2.4 provides an example of a
system with three components (N), each having two connections (K), and two states (S = 1
or 0). There are eight possible configurations of this specific system, from configuration 000
to 111, S N = 23 . For each of the configurations a random fitness5 value, i.e. performance,
5
The term fitness stems from the biological jargon in which evolutionary theory is developed, i.e. survival of
the fittest species. In a biological context, fitness relates to the number of related offspring a species produces,
which is a measure of evolutionary success (Ridley, 2004). In a context of technological systems, “performance”
can be seen as fitness, as best performing technologies will have the largest market share, or the largest
“population”.
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Figure 2.4: (a) System with 3 nodes having 2 connections, (b) fitness table, and (c) fitness landscape (Kauffman, 1993, p. 42)

is drawn and listed in a table. Which can, in turn, be presented as a fitness landscape, as
depicted in Figure 2.4 C and Figure 2.5. In these landscapes the height of a point corresponds
to a fitness level.
In the NK model, performance improvement is framed as a walk on the fitness landscape,
where an agent can change the state of one component at each time step, and the changes
are accepted only if the performance increases, i.e. the agent can only climb. Dependent on
the starting point such a walk will end in configuration 100 or 111, in the example of Figure
2.4. At these points in the landscape, performance cannot be improved by changing one
component, i.e. peaks in the fitness landscape. In a landscape with multiple peaks not all have
the highest possible performance level, therefore it is possible to get stuck on a local peak,
that is lower than the global peak. An agent getting stuck on a local peak can be interpreted
as a case of sub-optimal lock-in (Arthur, 1989). Dependent on the shape of the fitness
landscape, smooth or rugged, a different search strategy can be more efficient (Levinthal,
1997; Levinthal & Warglien, 1999). NK analysis suggests it is most efficient to invest in
incremental change when a landscape is sufficiently smooth, as the probability of sub-optimal
lock-in a smooth landscape is low, see Figure 2.5a. Whereas, larger search distances can help
to navigate rugged landscapes, by changing multiple components at one time step the agent
can “jump” from one local peak to another local peak, see Figure 2.5b. Besides strategies
based on search distance, there exist more complex methods for the navigation of fitness
landscapes. For example, methods that use large search distances in early phases and short
distances in later stages of development (Kirkpatrick, Gelatt, & Vecchi, 1983; Van Laarhoven
& Aarts, 1987; Goldberg, 1989).

(a) Smooth landscape

(b) Rugged landscape

Figure 2.5: Fitness landscapes (Levinthal & Warglien, 1999)
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Auerswald et al. (2000) have shown how the walk of agents on a fitness landscape will
generally follow a (power-law) performance curve, i.e. progress will slow down over time,
see Section 2.1. Moreover, a parameter analysis has indicated the effects of changes in
one of the six parameters: N (number of components), K (every gene is influenced by K
others), S (states), δ (search distance), τ (trials per batch), and T (length of production run).
When N increased, the long-term technological progress increased. However, on a short-term
increasing N decreased the speed of progress. Increasing S, i.e. the number of settings for
each production operation, increases the size of the landscape, which results in a higher speed
of improvement. The effects of increasing S diminish as S increases, in the simulations of
Auerswald et al. (2000) the effects were negligible at S ≥ 50. When complexity (K) increases,
the ruggedness of the landscape increases, leading to increased probability of sub-optimal
lock-in.
Although Auerswald et al. (2000) provided a clear parameter analysis of their NK model,
it still depends on only two parameters to describe the system’s architecture, N and K. The
factor K is defined as the indegree of each node, i.e. each of the components is influenced by
changes in K other components. Based on these two factors, the NK model will generate a
random network with N nodes each being randomly connected (w.r.t. indegree) to K other
nodes. The constant indegree and random allocation of dependencies has originally been
justified by a level of ignorance or ambiguity of the underlying mechanisms in biological
systems. Moreover, neglecting true system architecture allows stylized analysis of the influence
of complexity (K) on evolution (Kauffman, 1993).
However, due to advances in the documentation of system architectures, it is hard to
ignore the pattern of interactions when considering technological systems, or even production
steps and organizational elements (Rivkin & Siggelkow, 2007). The significance of interaction
patterns has been shown by landscape simulations based on an algorithm similar to the
NK model, except no random network is generated, rather networks describing true empiric
system architectures are used as input. The analysis of Rivkin and Siggelkow (2007) with
an average degree of 2 (≈ K), showed a difference of factor 40 in the number of local peaks
between different system architectures. In a centralized topology, where a few nodes influence
many, there were on average just 3.4 local peaks. Whereas a dependent system, with a few
nodes being influenced by all, had an average of 133.3 local peaks.
To summarize, this Section presents the NK model, where evolutionary innovation is
based on the number of components of a system and the average number of dependencies
between the components. From this information, forecasts can be made on the dynamics of
the performance landscape and how this influences the evolutionary dynamics. In general,
increasing the average number of dependencies (K) will complicate the search process and
increase the probability of sub-optimal lock-in. Although original models have neglected the
distribution of dependencies between components, a recent paper has proposed an NK model
including true system architectures (Rivkin & Siggelkow, 2007).
2.3.2

Random Search model

Besides NK models, there are various alternative models describing aspects of innovation
processes, among which random search models (Muth, 1986)6 . These models are based on the
idea that there is a fixed performance range, say from 0 to 1, at every time step a performance
value is drawn from this range and accepted only if it exceeds previous draws. Such an
6

See also percolation models, which provide comparable recommendations w.r.t. search distance but provide
additional understanding of cross-fertilization between related technologies (Silverberg & Verspagen, 2005,
2007).
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Figure 2.6: Network to illustrate the cost reduction algorithm (McNerney, Farmer, et al., 2011)

algorithm result in a performance curve following a power-law with a staircase pattern, as
shown in Figure 2.2. Like Wright (1936), Muth (1986) describes performance curves solely
by a negative relation between cost price and cumulative production.
In contrast, McNerney, Farmer, et al. (2011) proposes a model based on random search at
the component level. Moreover, the model uses DSMs, specifically the component outdegree,
to differentiate between components that are easy and hard to change. In the algorithm, a
random component i is selected at each time step, and its outset is drawn from the DSM,
i.e. i and all components to which i links, see the dotted circle in Figure 2.6. For all these
component a new cost is drawn from a uniform probability distribution. These new cost
values are accepted when the sum of the new costs is lower than the sum of the previous costs.
Consequently, the costs of component i can be reduced in two ways; (i) either component i
is selected and the costs of i and its outset are reduced; or (ii) a component j in the inset
of i (dashed ellipse) is selected and costs are reduced. A node with a large outdegree has a
low rate of improvement through mechanism 1. However, when a node in its inset has a low
outdegree it can improve rapidly through mechanism 2 (McNerney, Farmer, et al., 2011).
Unlike NK models, random search models do not explicitly define the number of states
any of the production operations can hold. Although the performance of the components
is bound by a predefined cost distribution, the total number of possible performance levels
within this distribution is infinite. Hence, one could interpret this model as having infinite
different states or settings for each production operation. A landscape based on a system
with infinite S cannot be computed, but will have no local peaks and no sub-optimal lock-in.
At every point in the landscape there are infinite opportunities for improvement, although
the rate of improvement will decrease.

2.4

Innovation Inertia

The NK model of Rivkin and Siggelkow (2007) and the random search model of McNerney,
Farmer, et al. (2011) can both be used to simulate performance curve forecasts based on a
system’s architecture mapped in a DSM. Moreover, both models are based on the assumption
that it is difficult to change a component that is highly connected, i.e. has many interactions
with other components. In other words, the external influence of a component can provide a
barrier7 or inertia to innovation, since more efforts are required to achieve equal change in a
7

Bendler and Shlesinger (1991) proposes a fractal model with differential innovation barriers as alternative
to the random search model of Muth (1986). The model provides a description of performance curves showing
a plateauing pattern - unlike Wright (1936), but true to emperic observations. It is based on the hypothesis
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component that is highly connected in contrast to one that is not.
To provide a deeper understanding of the relation between system architecture and
innovation inertia this section first explores literature from the field of engineering design,
and documents the patterns of change propagation through systems, i.e. the external effects
that can be expected when changing one component. Second, various centrality measures
from the field of complexity science are presented to provide an alternative perspective on
the analysis of systems.
2.4.1

Change Propagation in Engineering Design

In the field of engineering design, changes in product components are often described to
“ripple” through the system, there can be both direct and indirect effects (Clarkson, Simons,
& Eckert, 2004; Ethiraj & Levinthal, 2004; Giffin et al., 2009; Baldwin, Maccormack, &
Rusnak, 2014; Wynn, Caldwell, & Clarkson, 2014). This is in contrast with the previously
presented evolutionary models, who consider components to have direct influences only. The
random search model of McNerney, Farmer, et al. (2011) explicitly defined a mechanism of
performance increase, where a complex component can still have rapid improvement when it
is influenced by a very simple component.
It is highly important for an engineer burdened with the execution of the redesign of
a component, to understand the way in which direct and indirect dependencies between
components provide additional constraints or boundaries to change. The following quote
provides a clear illustration of how missing direct or indirect dependencies can be troublesome:
Identifying these links is typically dependent on experienced designers remembering and recognizing them during the analysis of particular
change cases. An overlooked link can lead to very costly changes later
on. In one example an engine company missed a direct link when they
replaced a metal temperature sensor with a cheaper plastic one, and
found that the engine did not work properly because one part was no
longer earthed. Indirect links can be more problematic to spot, for
example when a helicopter is customized additional sensors are often
added to the outside of the craft. If the weight exceeds the margin of
the fuselage, the fuselage has to be reinforced, leading to many other
costly changes due to the balance distribution of a helicopter (Keller,
Eger, Eckert, & Clarkson, 2005, p. 1).
Likewise, Ethiraj and Levinthal (2004) describe how neglecting dependencies between
different components of a chip design in its development phase causes expensive and timeconsuming rework when the components have to be integrated. The additional costs that
arise when direct and indirect dependencies between components are not understood provide
an incentive to develop methods for correct estimation of the change propagation paths within
a system.
One approach to mapping change propagation paths is by qualitatively assessing the
dependencies between components and the probability that a change in one component will
have an effect on another (Clarkson et al., 2004; Keller et al., 2005). This method can be
seen as an even more detailed and difficult way to construct a DSM, and it provides very
detailed descriptions of the system behavior. In related work, Wynn et al. (2014) adapted the
method to be applicable to change propagation in processes as well as products. Yang and
that a known number of steps need to be taken for productivity increases, which need to be taken subsequently,
and which have different impacts and difficulty.

TU/e

12

F.S. Zijlstra

How System Architecture Shapes Performance Curves

Literature Review

Duan (2012) propose an alternative method for a detailed description of change propagation
in a system, where the dependencies between the design parameters of a product or process
are described instead of dependencies between components.
Alternatively, MacCormack et al. (2007) propose a more quantitative assessment of change
propagation within a system, wich is very useful for their assessment of a software product,
consisting of about 2000 interdependent components. They propose to classify systems by a
visibility matrix, in contrast to a DSM this matrix does not only represent direct links between
components, rather indirect links of any length are included with equal weight. From this
visibility matrix, it can be calculated what average portion of the system’s components can be
affected by the change in one random component (Eppinger & Browning, 2012, p. 55). This
metric works in the context of software products where dependencies between components
(functions) are directed, i.e. change in i influences j but changing j does not influence i.
The visibility matrix of a product DSM, of which the vast majority is symmetric (Eppinger
& Browning, 2012, p. 23), will be only filled with ones as all components are directly or
indirectly connected.
Yet another quantitative approach is presented by Luo (2015), who defines the average
difficulty of changing a system by the number of cyclic dependencies within the system. A
cyclic dependency arises when the links between components form a loop; A influences B, B
influences C, and C influences A.
To summarize, there are both qualitative and quantitative methods that can be used to
assess the change propagation within a system. It is noteworthy that from this engineering
design perspective, a system’s DSM does not directly describe its change propagation, for it
excludes influential indirect dependencies.
2.4.2

Centrality Measures in Complexity Science

As previously described, complexity science studies systems in a quantitative manner by
focusing on the interactions between components. Therefore, some of the measures describing
the characteristics of a network can be applied to describe change propagation processes, and
thus, describe the innovation inertia of a system.
To illustrate the relation between both fields, the ripple effect of change propagation
described by engineering design literature can be compared to the spread of a virus in a social
network - or, on a more positive note, the diffusion of information. Like the propagation of
change, a virus will start in one component (person) and spread through the entire system
following the links.
In the context of a social network, an analysis of a diffusion process can indicate persons
with the most access to new knowledge, because of their key position in the network. Similarly,
people that are very central in the network have a high probability of catching a virus, whereas
very remote people are less likely to be infected. In complexity science jargon, the importance
or influence of nodes is indicated by a measure of centrality, a node with high centrality is
important, whereas a node with low centrality is not. The remainder of this Section will
introduce six centrality measures.
The first and conceptually easiest measure is degree centrality, measured by counting the
number of links connected to a node (Freeman, 1978). In an undirected network, the direction
of links does not matter. Hence, there is no difference between the indegree and outdegree
of a node. In directed networks, there is a difference between in- and outdegree centrality.
The betweenness centrality of a node i, is defined by the portion of shortest paths between
all other nodes in the network passing through node i. In a network describing information
flows, a node with a high betweenness centrality has a large power to control information
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flows between different parts of the system (Burt, 2001). Closeness centrality is the average
distance from one node to all other nodes of the network (Freeman, 1978). Figure 2.7a to
2.7d scale the network of Figure 2.3b with respect to these centrality measures, nodes that
are large and blue have high centrality values and small nodes have low centrality. Dependent
on the centrality measure, either node B or D is identified as most important in the system.

(a) Indegree

(b) Outdegree

(c) Betweenness

(d) Closeness

(e) PageRank

(f ) Eigenvector

Figure 2.7: Examples of centrality measures

PageRank centrality has been developed to index the importance of web pages, for this
measure both the indegree of a node is important, as well as the importance of the linked
nodes (Brin & Page, 1998). The algorithm is based on a random walker that navigates
through the network, it starts at one point and “walks” from node to node following links.
After many iterations, some nodes will be visited more often than other nodes, this can be
defined as the visitation probability. For central nodes, that get many incoming links from
important nodes, the PageRank centrality is highest. To appreciate the probability that an
user of the web opens another web page instead of only following a hyperlink, the random
walker has a slight probability of jumping to a random node even when there is no direct link.
Likewise, Eigenvector centrality values the number of direct connections (like degree
centrality) but also values the centrality of these nodes, i.e. a link to an important node
contributes more to the eigenvector centrality than a link to a node that is not important
(Bonacich, 1972; Bonacich & Lloyd, 2001; Bonacich, 2007). It is calculated by taking the
largest eigenvector of the adjacency matrix. Eigenvector centrality differs from PageRank
in two ways: (i) the random walker is not allowed to randomly jump to a node without a
direct link, therefore the Eigenvector centrality is not applicable to networks that consist of
multiple disconnected clusters; (ii) in the PageRank algorithm there is dilution of centrality,
a link from a node is less valuable if the node links to many other nodes as well. Figure 2.7e
and 2.7f depict the slight difference caused by this dilution. Node D receives an incoming link
from node B providing node D a scaled PageRank centrality of 0.36 and a scaled eigenvector
centrality of 0.44. The PageRank centrality is lower because the importance of link B is
discounted for the fact that B also links to nodes A and C. Dilution exists in a system where a
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web surfer jumps from website to website using hyperlinks, as it can only follow one hyperlink
at a time. Dilution does not exist in a system modeling the spread of a viral disease because
an infected person can spread the virus to everybody he meets.
Furthermore, eigenvector centrality cannot be applied to directed acyclic systems, i.e. a
class of asymmetric systems. This is because peripheral nodes will have an eigenvector
centrality of zero, and as a result, the nodes linked with the peripheral nodes will also have
a centrality of zero, see Figure 2.8d. This can result in graphs in which all components
have an eigenvector centrality of zero, which might not represent the actual centrality levels.
Literature presents two related alternative measures of centrality. First, alpha centrality,
which differs from eigenvector centrality predominantly by providing all components with
an initial level of centrality (Bonacich & Lloyd, 2001). Hence, no components can have a
centrality of zero and components are correctly ranked again. Second, Katz centrality, which
is comparable to the visibility matrix presented in Section 2.4.1 because paths of all lengths
are considered. However, the measure differs by introducing a depreciation factor for distant
connections, i.e. indirect connections contribute less to the Katz centrality of a node than
direct nodes (Katz, 1953). Consequently, Katz centrality considers how many connections
a node has, as well as the importance of those connections, which is similar to eigenvector
centrality.
Henceforth, this research project will concentrate on outdegree centrality and eigenvector
centrality. The first measure, outdegree centrality, is selected because it classifies components
in a system with respect to their direct interactions. Therefore, it can provide a description
of innovation inertia based on assumptions similar to those of the presented NK and random
search models. The second measure, eigenvector centrality, can provide a measure of innovation
inertia based on the assumption that both direct and indirect connections can be of influence
when changing a component, which relates to the description of change propagation as
provided by the engineering design literature presented in Section 2.4.1.

Illustration of differences The measures of centrality presented in this section are all
related to each other, see Figure 2.7, where all centrality measures show some likeness.
Considering the special case of a star network, where there is one central node to which
all other nodes are exclusively connected, all centrality measures presented in this section
will highlight the same central node (Freeman, 1978). However, this is not true for all
networks. All centrality measures are based on similar definitions of importance, hence they
are correlated, but this correlation is not perfect because the measures are distinct (Valente,
Coronges, Lakon, & Costenbader, 2008).
In this section two examples are provided illustrating some differences between outdegree
centrality and eigenvector centrality. The networks presented in Figure 2.8, are stylized
examples. Whereas the networks depicted in Figure 2.9 are based on the widely used DSM
of a Ford climate control system.
In the symmetric graphs of type A in Figure 2.8, the core node does not have the highest
outdegree but does have the highest eigenvector centrality, for in the latter metric not only
the number of nodes but also the importance of the linked nodes is considered. In the
asymmetric graphs of type B, Node B has a very high outdegree linking to nodes with a very
low measure of centrality. Hence, node B is central with respect to its outdegree, and not
central with respect to its eigenvector. Figure 2.8d, displays a cyclic cluster with a high level
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(a) Graph A; Outdegree

(b) Graph A; Eigenvector

(c) Graph B; Outdegree

(d) Graph B; Eigenvector

Figure 2.8: Extreme case where outdegree and eigenvector centrality differ

of (transposed) eigenvector centrality, illustrating significant differences between the metrics8 .
These differences are even present in empiric systems, albeit in a less extreme fashion. To
illustrate, Figure 2.9 presents a network presentation of a climate control system of Ford
(Pimmler & Eppinger, 1994), where the node size is scaled w.r.t outdegree centrality. The
climate control system presented in Pimmler and Eppinger (1994) is frequently used as an
example in publications on engineering design. The first cost reduction mechanism of the
random search model of McNerney, Farmer, et al. (2011) defines the probability of cost
reduction as the inverse of the node’s outdegree, i.e. larger outdegree results in a lower
progress ratio. Figure 2.9a presents a network of the climate control system scaled with
respect to outdegree, every outgoing link will add to its centrality and thus decrease its
improvement rate. With eight outgoing links, node M has the highest outdegree, the node
represents the command distribution.
Figure 2.9b presents the same system, but uses a measure of eigenvector centrality instead
of outdegree. In this representation component M, still, has the highest centrality measure.
However, nodes F(compressor) and J(refrigerator controls) have a relatively higher measure
8

The adjacency matrix of the system has been transposed for the calculation of eigenvector centrality
because we are concerned with the component outdegree instead of indegree. As the standard eigenvector
centrality considers indegree, we require reversing of all connections. Note that this is only relevant for
asymmetric systems.
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of eigenvector centrality than outdegree (F [0.84 > 0.75]; J [0.65 > 0.50]; eigenvector >
outdegree
maxoutdegree ). This is due to the fact that they are closely linked to components with a high
measure as eigenvector centrality.
Another difference between the centrality measures can be seen by the difference between
nodes A(Radiator) and L(Sensors), both have an outdegree of two. However, L is connected
to K(Air controls), and M(Command distribution) which have high centrality measures, and
A is connected to B(Engine fan) and E(Condenser) which are less central. As a result, the
eigenvector centrality of L exceeds that of A, 0.37 > 0.15.

(a) Outdegree

(b) Eigenvector

Figure 2.9: Network projection of automotive climate control system, based on a case study
of Pimmler and Eppinger (1994)

In short, both cases illustrate that the measures outdegree and eigenvector centrality
are related but distinct. The stylized example shows two cases in which the differences are
specifically illustrated. However, the differences between the measures are not limited to
stylized cases, for even in one of the core DSM example systems, the Ford climate control
system, the differences between the measures can be seen.

2.5

Hypotheses

Previous sections of this chapter have addressed recent literature on performance curves,
system architecture, evolutionary models of innovation, and both an engineering design and
complexity science perspective on innovation inertia. Based on this literature review this
section presents three hypotheses, with the aim of exploring the relation between different
measures of innovation inertia and performance curve dynamics.
First, the random search model of McNerney, Farmer, et al. (2011) and the NK model
of Auerswald et al. (2000) have a strong conceptual relation, as both models base their
performance curve forecasts on direct relations (degree) between components. Two main
differences between the models can be identified; (i) the difference between the number
of states, infinite for random search and limited for the NK model; and (ii) the different
of simulation inputs, DSMs in the random search model and NK parameters for the NK
model. However, Rivkin and Siggelkow (2007) have shown that it is possible to generate
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landscape simulations from DSMs as well. Changing the number of states in an NK analysis
has marginal effects on the shape of the performance curve, and even diminish when the
number of states increases, e.g. S > 50 (Auerswald et al., 2000). Therefore, a landscape and
random search model, both based on direct interactions between components and simulating
performance curves from a collection of DSMs, should produce highly similar performance
curve forecasts.
Moreover, there is a strong conceptual relationship between the measures of degree
centrality and eigenvector centrality: both measure the prominence of a node in a network
(Wasserman & Faust, 1994), and both centrality measures will identify the node in the center
of a star network as most central (Freeman, 1978). Furthermore, centrality measures can be
cross-classified along two dimensions, the measures can be either (i) radial or medial9 , and
(ii) can be either based on volume or length of linkages. Considering this cross-classification,
both eigenvector centrality and degree centrality are considered radial measures based on the
volume of interactions (Borgatti & Everett, 2006). Valente et al. (2008) tested the correlation
of centrality measures in eight different social networks and found a positive correlation of
0.69 between degree and eigenvector centrality. This correlation does not equal one, indicating
that the measures are distinct and yet conceptually related.
Hence, for a large sample of randomly generated graphs, eigenvector centrality and degree
centrality can be expected to be correlated. Furthermore, a random search model based on
eigenvector centrality should therefore provide performance curve forecasts with significant
correlation to those of a random search model based on degree centrality. This can be
summarized in the first Hypothesis:
Hypothesis 1: In general, a random search model based on eigenvector
centrality, a random search model based on outdegree, and a model based on
landscape simulations will produce highly similar performance curve forecasts.
Second, while there is a significant correlation between eigenvector centrality and degree
centrality, both measures have distinct differences (Valente et al., 2008). As shown in Figure
2.8, both measures can present a radically different evaluation of the system centrality. Even
in a standard case such as the automotive climate control system, there are differences in
the evaluation and comparison of components. Because of these differences, the expected
similarity of behavior expressed by hypothesis 1, cannot be expected for all systems.
Since centrality can be seen as a measure of innovation inertia, higher average centrality
measures can be expected to have a slowing effect on progress. Therefore, when centrality
measures are dissimilar progress ratios will diverge, where systems with higher average
centrality will have performance curves with lower progress ratios, as described in the second
hypothesis:
Hypothesis 2: For graphs in which eigenvector centrality and outdegree
centrality are significantly different, the difference in progress ratios of performance
curves simulated by a random search models based on eigenvector centrality or
degree centrality, is inversely proportional to the relative difference between the
centrality measures, i.e. higher centrality leads to lower progress ratio.
Third, section 2.1 describes two types of variance unexplained by the stylized Wright’s law,
variance in progress ratios and variance or ruggedness of empirically observed performance
curves. The first variance has been addressed by hypothesis 1 and 2, stating that higher
9

Radial measures consider walks that start or end in the node of interest. Whereas, medial measures
consider walks that pass through the node, e.g. betweenness centrality (Borgatti & Everett, 2006).
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innovation inertia, as a measure of technological complexity, will have a negative influence on
the progress ratio of performance curves. Whereas the second type of variance remains.
Random search models based on a component level view of a system, e.g. McNerney,
Farmer, et al. (2011), hint towards a mechanism leading to variance in the plateauing of
performance curves. Even in the analysis of Muth (1986) and Auerswald et al. (2000),
performance curves were not perfectly smooth, but the ruggedness was not further explored
as systems were treated having only one component (Muth, 1986), or with a constant degree,
and therefore constant innovation inertia, for each of the components (Auerswald et al.,
2000). The cost minimizing random search model of McNerney, Farmer, et al. (2011) allows
differentiation of innovation inertia among the components, as a result the costs of low inertia
components can decrease rapidly, whereas the costs of high inertia components will decrease
slowly.
In a system with just one high inertia component, the shape of the performance curve
will predominantly depend on the component with high inertia, after some time the low
inertia components will have reached high levels of performance and the one high inertia
component will lag behind. In other words, when a system has just one slow component,
the room for improvement on system level will be accumulated in this node, since all other
components will already have higher levels of performance. When the performance curve is
predominantly influenced by one component the curve will have a high level of ruggedness
(McNerney, Farmer, et al., 2011).
On the other hand, in a system where all components have the same level of innovation
inertia all will proceed at approximately the same rate, all components will improve at an
equal rate. Hence, the performance curve will be dominated by many components, and as a
result, have a less rugged pattern.
The ruggedness of performance curve forecasts depends on the number of components
dominating the performance improvement after some time steps. Hence, in the model of
McNerney, Farmer, et al. (2011), ruggedness is inversely proportional to the number of nodes
having the largest smallest ingroup.
In random search models based on centrality measures, a similar definition can be tested.
For a given system the difference between the maximum and mean innovation inertia10 will
indicate the number of components dominating the performance curve, and thus the level of
ruggedness. When the difference is zero, the maximum and mean innovation inertia are equal.
Hence, all components have similar performance improvement, and there should be low levels
of ruggedness. On the contrary, when the difference between maximum and mean innovation
inertia approaches one, the component with maximum innovation inertia will improve much
slower than the other components which have inertia levels close to zero. Therefore, a higher
difference will lead to more ruggedness of performance curve forecasts.
However, the ruggedness of performance curves is also influenced by the number of
components in the system, as the system performance is defined as the average of component
performance. Therefore, one specific component has a larger influence in a system with few
components and little influence in a system with many components, which can be summarized
in this third hypothesis:
10

Alternatively the standard deviation of the inertia levels will provide insight into their distribution, when
zero all are equal, when large, there will be differences. Although it provides insight into the distribution of
inertia levels, it does not necessarily identify the share of high inertia components. In a system where all but
one component have low levels of inertia, the standard deviation will be relatively low, but the one different
component will cause high levels of ruggedness. Hence, the difference between the maximum and mean is a
better indicator of the distribution of high inertia levels.
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Hypothesis 3: The difference between maximum innovation inertia and mean
innovation inertia is positively correlated with the ruggedness of performance
curve forecasts generated by a random search model11 .
This chapter started with a review of the literature on performance curves and identified
two types of variance that are currently insufficiently explained, variance among progress
ratios and variance in ruggedness. The variance of progress ratios can be partially explained by
including additional factors besides cumulative production, such as R&D spending (Jamasb,
2007) and technological complexity. Hypothesis 2 explicitly states that progress ratio will
decrease when centrality levels increase. The second variance, different levels of the plateauing
of performance curves, is addressed by hypothesis 3, by stating the difference between the
maximum and mean innovation inertia of a system is proportional to its ruggedness. Both
metrics are derived from a system’s architecture, making system architecture and, therefore,
technological complexity a policy variable in the assessment of performance curves. The
mechanism is schematically presented in 2.10.

System Architecture

(-)

Progress Ratio

max(Ii ) − mean(Ii )

Ruggedness

Innovation Inertia

Figure 2.10: Schematic representation of the expected relation between system architecture and
performance curves

11

Mathematically expressed as: [max(Ii ) − mean(Ii )] ∝ stdmax (P erf ormanceCurves)
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This chapter describes the methodology developed to answer the hypotheses presented in
Section 2.5. To test the hypotheses it is necessary to develop three different simulation
models, two random search models, and one NK model. The development of these models
is presented in Section 3.1. The random search model based on eigenvector centrality has
not been presented in literature before, the random search model based on outdegree is in
some ways similar to that of McNerney, Farmer, et al. (2011), and the proposed NK model is
based on Rivkin and Siggelkow (2007). After the models are presented the simulation setup
and data generation for all three hypotheses are presented in Section 3.2 through 3.4.

3.1

Models

Subsequent sections first present the development of a random search model in which either
eigenvector centrality or outdegree centrality can be used as a definition of innovation inertia.
Second, the landscape model based on Rivkin and Siggelkow (2007) is presented in Section
3.1.2. The simulation models are coded in Python version 3.5.2 using the network centrality
calculations from the Igraph package version 0.7.1, and Numpy version 1.11.2 for data
manipulations. Realizations of the simulation models are exported for statistical analysis in
R version 3.3.0.
3.1.1

Random Search

Two models of random search are defined in Section 2.4, one based on outdegree and one
based on eigenvector centrality. The model of McNerney, Farmer, et al. (2011) belongs to
the first class, it is a random search model based on the outdegree of components. It will,
therefore, serve as starting point for the development of a new model based on eigenvector
centrality.
In the random search algorithm of McNerney, Farmer, et al. (2011), the possible performance change at one time step will be within the range (0, 1+outset
), where N is the size of the
N
system and 1 + outset is the number of nodes changed at one time step. The probability of
change in one node is uniformly distributed12 . However, when multiple uniform distributions
are sampled at the same time a normal distribution emerges.
This can be illustrated with a game of dice13 , when just one dice is thrown all results
from zero to six are equally likely. When another dice is added, the probability of having
a sum of two (both dice show one) is much lower than the probability of having a sum of
seven, since there are many possible dice combinations resulting in a sum of seven, e.g. (1+6),
(2+5), (3+4). When adding more dice the probability of having the smallest (or largest)
number, relative to the average grows. This shows some likeness to a normal distribution
with a shrinking standard deviation, although multiple dice are not normally distributed but
have a triangular probability distribution.
By averaging multiple uniform distributions the algorithm of McNerney, Farmer, et al.
(2011) ensures that components with a high outdegree (and thus many uniform distributions)
have a relatively lower probability of sampling high performance values. The probability
density function for a component with an outset of three in the random search model of
The probability density function is assumed f (ci ) ∝ cγ−1
, when testing the model on DSMs γ = 1,
i
therefore f (ci ) ∝ 1 which describes an uniform distribution.
13
Having one dice corresponds to a normal distribution, having multiple dice does not actually result in a
normal (bell curve) probability distribution but rather a triangular distribution. Nonetheless, it intuitively
shows how the combination of uniform distributions can give rise to non-uniform distributions.
12

TU/e

21

F.S. Zijlstra

How System Architecture Shapes Performance Curves

Methodology

McNerney, Farmer, et al. (2011) corresponds to a normal distribution with a mean of 0.5
and a standard deviation of 0.14. Because the mean of the probability distributions is 0.5,
performance values close to 0 and 1 are less likely to be drawn for components with an
outset. This provides a negative effect of complexity when the average performance of the
component exceeds 0.5. However, the paper does not provide argumentation for the effect of
the probability distribution in the first time steps, where complex components may experience
higher rates of performance improvement as values close to 0 are less likely to be sampled.
In general, the penalization of components with a high outdegree is in line with the
penalization of highly influential components in the NK model (Auerswald et al., 2000).
Changes in a component with a large influence on the system are less likely to be successful
because of the emergent probability distribution. In these models, the required efforts to
change one component, i.e. innovation inertia, rise due to effects exogenous to the component.
The performance of the component can improve by a proposed change, but this improvement
can be diminished by the additional negative effects in other parts of the system. As previously
noted, the sole consideration of direct dependencies between components in the NK model
and the random search model of McNerney, Farmer, et al. (2011), causes the models to
neglect the presence of change propagation paths, transcending direct dependencies between
components.
When considering the effects of change propagation through both direct and indirect
connections, as grasped by the eigenvector centrality, the innovation inertia providing mechanism of the random search model of McNerney, Farmer, et al. (2011) will not suffice. By
drawing new uniform fitness values for one component and its outset, the effects of change
propagation are neglected. This can be solved by endogenizing the innovation inertia of
components, by explicitly defining the probability functions that that arise from adding a
collection of uniform sample spaces in the previously presented models. The component
specific probability functions then allow a scaling to a preferred measure of innovation inertia,
e.g. eigenvector centrality. Moreover, by explicitly defining the probability function the mean
of the distribution can be set to zero instead of 0.5, to remove the unjustified initial advantage
of highly complex components.
For the purpose of translating a measure of innovation inertia (Ii ) to a probability function,
Equation 3.1 describes a function for the calculation of a standard deviation. When a node has
a high level of innovation inertia, i.e. large outdegree or eigenvector centrality, the standard
deviation will be small. When there a component has a low level of innovation inertia, i.e. no
out degree or eigenvector of zero, the standard deviation will be large. 14
σi = 101−(Ii ·α)

(3.1)

Based on the standard deviations calculated through Equation 3.1, probability functions
can be generated from a normal distribution with mean zero. Figure 3.1 displays such
probability distributions (bound between zero and one) for different levels of innovation
inertia. By binding the normal distribution to this range, a truncated normal distribution
is created. When the innovation inertia equals one, the probability of drawing high values
will be low. Whilst for an innovation inertia of zero the function approaches a uniform
distribution.
This explicit definition of probability functions can be included in a random search
model, which simulates performance curves from a DSM with performance value ranging
from zero to one. The performance value is calculated by taking the average of component
14

When α increases, the standard deviation for Ii = 1 will shrink, in this sense α mediates the influence of
innovation inertia in simulations. Unless stated otherwise, an α of two has been used in all simulations.
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Figure 3.1: Distribution of innovation inertia dependent sample spaces

level performance values, also ranging from zero to one. Learning curves usually describe
performance, as the production costs of a product. However, as described in Section 2.1,
competitive advantage arises from a gap between the production costs and market value
(Tirole, 1988; Hoopes et al., 2003). Because performance can be seen as a competitive
advantage it captures both increased value of a product, as well as decreased production costs.
To illustrate, an increase of the radiator size in the Ford climate control example of Pimmler
and Eppinger (1994) can improve the cooling power of the climate control system, provided
that there are no conflicts with the engine fan and the condenser, and therefore, improve
the value of the climate control system. Similarly, a reduction of material or change of the
radiator production process can decrease its costs, which also contributes to a performance
increase. Which indicates both cost reduction and value increase can result in competitive
advantage or performance.
To run a simulation the architecture of a product is derived from a product DSM or
adjacency matrix, identifying the dependencies between components of the product. Linkages
described in a DSM represent interactions between components. To illustrate, a change in
component A will have an influence on the performance of component B when they are
connected. When assessing the external resistance to change one component experiences the
relation is inverse, when changing A there can be problems in B, therefore B gives inertia
to A. This is captured by taking outdegree instead of indegree, but for the calculation of
eigenvector centrality in this sense all linkages need to be reversed, which can be done by
transposing the adjacency matrix. After the DSM has been imported and transposed, the
random search model can be simulated with the following four steps:
1. A sample space is defined for each component following Equation 3.1, a uniform
distribution for components with no innovation inertia, and a skewed distribution for
nodes with high inertia.
2. At each time step, a random component is picked, and a new performance value is
drawn from its sample space.
3. The new performance value is accepted when it exceeds the previous value, then the
system level performance (average) is changed too.
4. Steps two and three are repeated for T time steps
A second random search model is easily created by changing the definition of innovation
inertia from eigenvector centrality to standardized outdegree (Ii = outdegree
in Equation 3.1).
N
Alternative centrality measures such as alpha centrality or Katz centrality could also be used
for the definition of innovation inertia, which makes the proposed model highly adaptable.
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By using outdegree as the measure of innovation inertia, this second model is similar to the
model of McNerney, Farmer, et al. (2011). However, the changes in one time step are limited
to one specific component, whereas the performance of one component and its outset are
changed in the model of McNerney, Farmer, et al. (2011).
The expected performance improvement at the first time step of the simulation can be
calculated with Equation 3.2, whose mathematical basis is presented in Appendix A. For a
system with N components all having an innovation inertia of 0 the expected performance
1
improvement is 2N
, corresponding to the mean of a uniform distribution within the range
(0,1) which equals 0.5. When the levels of innovation inertia rise, the expected performance
improvement will be reduced. This equation provides a more accurate description of the
model behavior than the simple description average innovation inertia, for penalization of
innovation inertia in the proposed random search model does not follow a linear function.
Note that σi is defined by Equation 3.1, and is dependent on the innovation inertia of a
component and on α.
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To summarize, this section first proposed a method to explicitly define the emergent
probability density function that arises for components in the NK and random search model
of McNerney, Farmer, et al. (2011). By making the probability density function dependent
on innovation inertia and endogenous, different measures of inertia can be used in the model
interchangeably. Whereas different change propagation mechanisms could not be simulated
in previous NK and random search models. Secondly, the algorithmic description of the
proposed innovation inertia dependent random search model is presented. Lastly, a theoretic
description of the expected progress in the first time step of the random search simulation is
provided.
3.1.2

Adapted NK Model

To answer the hypotheses the behavior of the two random search models has to be compared
to that of a NK style landscape model (Kauffman, 1993; Auerswald et al., 2000), with the
particular exception that the input variables are not N and K (nodes and average degree)
but rather a full graph. Rivkin and Siggelkow (2007) developed such a NK model to study
how landscape characteristics change dependent on the pattern of interactions instead of the
intensity of interactions. This section presents the algorithm of this adapted NK model.
As introduced in Section 2.3, random search models effectively have a landscape of infinite
size, due to the infinite different states (performance levels) each node can have. Because
these landscapes are infinite in size, it is not possible to simulate such landscapes and compare
them to landscapes generated by an NK based landscape model. Therefore, there is a need
for an adaptation of the model presented by Rivkin and Siggelkow (2007), for it needs to
generate performance curves that can be compared to those of the random search models
instead of complete landscapes.
The performance curves generated by the random search models can be seen as the path
of an agent walking on an infinite performance landscape. The rules for accepting change
include that performance levels must always increase by the change. Therefore, the agent can
only climb to ever higher performance altitude, a process described as “hill-climbing” in NK
jargon (Kauffman & Levin, 1987; Frenken, 2006a). To ensure comparability of the results of
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the NK model and random search models, performance curves are generated by tracking the
movement of a hill-climbing agent on the landscape.
For the simulation of performance curves, the performance landscape is first created by
defining an ingroup for each of the components, dependent on the DSM. Second, a performance
table is created of size S × S ingroup , and filled with uniformly random performance values.
Each row corresponds to the state (S ) of the component and each column to the configuration
of the component’s ingroup.
To illustrate, when the performance of a component is not dependent on any other
components the resulting table will have only one column and therefore just one performance
value for each of the possible states, and when a component is dependent on five others there
will be S 5 columns. To run the simulation the following steps are followed:
1. An initial system configuration is randomly created, represented by a list of digits
identifying the state of each of the components. For instance [0, 1, 0, 0, 1] for a system
with two states and five components.
2. The initial system performance is calculated by taking the average of each of the
component performance values, which are listed in the component-specific performance
tables and can depend on the states of the other components.
3. At each time step one random change is made to the system configuration, e.g. from [0,
1, 0, 0, 1] to [1, 1, 0, 0, 1].
4. The performance level of this new configuration is calculated.
5. The new configuration and new performance value are accepted only if the performance
has increased.
Note that the random search models will have an initial performance value of zero, where
the initial performance value of landscape simulations can range from zero to one.
3.1.3

Output Variables

All three models, require the input of a DSM mapping the architecture of a system - either
empirically founded or systematically generated - and generate a set of performance curves.
This section presents several output variables of the models, which can provide a basis for
testing the hypotheses. These measures summarize the characteristics of an ensemble of
simulated performance curves.
Summarizing these values is necessary for simulated performance curves are subject
to stochastic influences, due to the random influence of picking components and drawing
performance values. Hence, it is necessary to run the simulation several times, so that
the speed and fluctuations of the forecasted performance curve can be clearly assessed and
compared - unless specified otherwise simulations are run 50 times.
Figure 3.2 depicts a collection of 50 learning curves, all generated with the random search
model based on eigenvector centrality on the basis of one DSM15 . When comparing the
curves of different systems, one of the key performance indicators is the speed of performance
improvement. One way to measure such a development speed is by calculating the number of
time steps required to reach a certain performance threshold. A metric much like the common
measurement of the acceleration of a car, by measuring the time it takes to accelerate from 0
to 60 mph or from 0 to 100 km/h.
Besides speed, the plateauing of forecasted learning curves can be compared as it relates
to the shape of the underlying performance landscape (Levinthal & Warglien, 1999). A
15

The DSM corresponds to an Erdös Réyni network with five nodes and an average degree of two.
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Figure 3.2: Collection of 50 learning curves from an Erdös Réyni with five nodes

staircase pattern can be clearly observed in the performance curves presented in Figure 3.2,
especially in the first 60 time steps. Hence, two measures capturing the fluctuations are
documented. First, the maximum standard deviation calculated by measuring the deviation
of the performance curves at each time step. Second, the final standard deviation, designed
to measure the deviation of performance curves in a more stable state and capture long-term
effects like lock-in.

3.2
3.2.1

Hypothesis 1
Data Generation

Hypothesis 1 claims that in general, the models described in Section 3.1 will produce similar
performance curve simulations. This can be tested by comparing the model’s behavior on
a general collection of systems, which can be derived from empiric system observations.
Nevertheless, generating a general collection of systems from network generating algorithms
provide more control over the parameters influencing network architectures enabling a more
accurate comparison of the models. Hence, this section presents a method for generating a
general collection of DSMs.
This approach to testing the performance of models is not unprecedented in this field of
scientific research. Rivkin and Siggelkow (2007) forecasted the performance landscapes of
several extreme network structures (e.g. ring lattice, centralized, dependent, block diagonal)
to illustrate the significance of system architecture compared to system complexity expressed
by the average degree (K). Likewise, McNerney, Farmer, et al. (2011) tested their model on 90
randomly generated DSMs with 7 components and different measures of average degree (K),
and Luo (2015) tested a model on networks generated adjusted for the parameters: network
size (N), interaction density (K), and influence diversity (related to the level of clustering or
assortativity in a system). Similarly, we propose a simulation method based on generated
networks, which have different sizes (N) and architectures, see Table 3.1.
First, the networks are differentiated between directed and undirected, in an undirected
network each link between two nodes expresses an influence in both directions, whereas in a
directed network, links only operate in one direction (although it is possible to have a directed
link from A to B and B to A). The large majority of product DSMs are defined as undirected
(symmetric) networks (Eppinger & Browning, 2012, p. 23), although asymmetric relations
are possible. In contrast, process DSMs are largely asymmetric (Eppinger & Browning, 2012,
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Table 3.1: Graph Generation Methods

System Size
Network Generation

Sample Size

Undirected (symmetric)
N = 5; 10; 25
A - Erdös Réyni
B - K Regular
C - Ring Lattice
D - Stochastic Blockmodel
E - Static Power Law
F - Growing Random
20 graphs
product

3
6

20
360

p. 129), step B is dependent on the completion of step A, nonetheless, symmetric relations
are also possible for instance when two process steps are executed simultaneously and are
mutually dependent. This study is focused on product systems, which are predominantly
represented by symmetric networks. Accordingly, the study concentrates on the analysis of
forecasts on undirected graphs.
Second, the networks are generated for three different system sizes (N = 5, 10, 25). Network
size is expected to have a major influence on the volatility and progress ratio of performance
curves (Auerswald et al., 2000). Eppinger and Browning (2012, p. 23), recommends to limit
exploratory DSMs, i.e. DSMs of systems that have not previously been assessed, to a size of
20 to 50 components to limit complexity and reduce the risk of misspecification. It is possible
to create significantly larger DSMs, especially in product segments where a clear definition of
DSM granularity is established such as software products, see Section 2.2. However, large
DSMs (N > 1000) are not necessary to test hypothesis 1.
Third, different network generating methods are defined, of which seven are included in
the symmetric analysis and five in the asymmetric. The Erdös Réyni network is also known
as a G(N, M ) network, where G is a randomly drawn realization of a graph with N nodes
and M links. For M iterations two nodes are randomly connected. All possible realizations of
such a graph have equal likelihood. However, there are many possible realizations with a
random pattern, and very few realizations that appear fully organized (e.g. a lattice pattern).
For this reason, a random graph is the most likely realization of an Erdös Réyni network.
Furthermore, the average degree of such a network equals N over M.
Unlike Erdös Réyni networks, a K-regular graph will always have a fixed degree, i.e. each
node will have K connections to other nodes (Kim & Vu, 2006). In this sense, K-regular
graphs are a subset of Erdös Réyni graphs, with the introduction of an additional requirement
of a constant degree distribution.
In a Ring Lattice, each node is connected to a constant number of nodes before and after
it, as each node symmetrically has the same number of neighbors, it has no modular structure
(Sarkar, Dong, Henderson, & Robinson, 2014). In a regular ring lattice, the average path
length between nodes is high (Watts & Strogatz, 1998). When information is diffused it will
need to travel from neighbor to neighbor all along the ring before the whole graph is reached.
The Stochastic Blockmodel generates a fixed number of nodes that are all assigned to a
predefined block - e.g. for a graph with 25 nodes three blocks (A, B, C) can be specified,
where for instance A has 9 nodes and B and C each have 8 nodes. Subsequently, every pair of
nodes is assessed, a link is created between the nodes based on a predefined link probability
that will usually be higher for nodes in the same block and lower for nodes in another block
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(Airoldi, Blei, Fienberg, & Xing, 2008). With the Stochastic Blockmodel graphs are generated
that have high similarity to clustered modular DSMs where all component belong to certain
clusters or blocks.
A Static Power Law graph generates networks with a fixed number of nodes, links, and
a predefined degree distribution, i.e. a power law (P (k) ∝ k −γ ) with an exponent between
two and infinity (Goh, Kahng, & Kim, 2001; Cho, Kim, Park, Kahng, & Kim, 2009). A
power law degree distribution is scale free, i.e. the relative distribution will be equal for
all graph sizes. Many networks have such scale-free properties, such as airline networks.
Preferential attachment is one of the mechanisms explaining this phenomenon, stating that a
connection to a well-connected node (e.g. big airport) is more valuable than a connection to
a less connected node.
Growing Random networks also give rise to preferential attachment (Barabási & Albert,
1999). At each time step, one node is added, and a fixed number of links is added randomly
to the existing nodes. For this reason, the first nodes will have a larger probability of having
many connections than the last nodes.
3.2.2

Analysis

With a data set generated following the previously presented method, the correlation between
the three models can be tested in three different ways. First, by measuring the correlation
between the speed of performance improvement of the NK and random search models. Second,
to what extent the speeds are correlated when differentiated for the different network types
listed in Table 3.1. If one graph type is identified as “fast” by the landscape simulations,
it cannot be identified as “slow” by the other models. Third, the distribution of standard
deviations of the performance curves should correlate with each other, as in all models the
same graph types should have similar relative levels of plateauing in all simulation models.
For all simulations the number of runs has been set to 50, each having a duration of
200 time steps. To execute the proposed analysis the speed of performance increase and
the standard deviation of performance curves need to be exported. As well as the system
description, e.g. graph type, number of nodes, level of innovation inertia, and the type mode
of innovation inertia.

3.3
3.3.1

Hypothesis 2
Data generation

In contrast to hypothesis 1, hypothesis 2 claims there will be a difference between the models
with innovation inertia defined as outdegree and eigenvector centrality. Moreover, where
hypothesis 1 concerns a general context, hypothesis 2 specifically describes a context in
which both centrality measures differ. Hence, there is a need for a different data generation
approach, on which this section elaborates.
To address this issue, two non-random network structures are created in which eigenvector
and outdegree centrality differ, see Figure 3.316 . The graphs of type A, Figure 3.3a and
3.3b, represent an extended star network, there is one central node to which four other nodes
are connected, these four nodes are in turn connected to four other nodes. Extended star
networks have been proposed as network architecture for parallel computers (Watanabe &
Okawa, 2003). The linkages between the nodes are symmetric, which means that a flow of
information between two nodes is possible in both directions.
16

Reproduction of Figure 2.8 for the convenience of the reader.
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(a) Graph A; Outdegree

(b) Graph A; Eigenvector

(c) Graph B; Outdegree

(d) Graph B; Eigenvector

Methodology

Figure 3.3: Extreme case where outdegree and eigenvector centrality differ

The difference between the two centrality measures for this graph can be clearly seen in
the figures, outdegree centrality highlights the four nodes with five connections. Whereas
eigenvector centrality highlights the one central node with four connections because its four
direct neighbors are deemed more central than the peripheral nodes.
In contrast to the symmetric graph A, graph B presents an asymmetric graph, meaning
that each link between two nodes has a direction and allows information to be transmitted
in one direction only. Therefore, it is noteworthy that for calculation of the eigenvector
centralities the graph has been transposed, as described in Section 3.1. Because when A has
an influence on B, B provides inertia to change A. Whilst this has no effect on graphs that
are symmetric it can be clearly seen in asymmetric graphs.
Although node B has a high outdegree, it does not have a high eigenvector centrality, this
is due to the fact that the components to which B links have no external influence, i.e. their
outdegree and eigenvector centrality is zero. Therefore, they do not provide eigenvector
centrality to node B. In contrast, the components in the cyclic cluster have high eigenvector
centrality because a change in one of these component will have an (indirect) influence on
the whole system.
3.3.2

Analysis

The dataset, generated in accordance with the methodology described in the previous section,
is significantly smaller than the set proposed in Section 3.2, therefore a different statistical
analysis is required. Four different performance curve simulations will be run on the two
graphs, differentiating between innovation inertia as eigenvector centrality and outdegree
centrality, and differentiating between an α of two and four. To recapitulate Section 3.1, α
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tunes the effect of innovation inertia on the performance curves, increasing α will positively
skew the sample space of components with high innovation inertia, and hence, amplifying the
progress slowing effects of innovation inertia.
Like the simulations in the analysis of hypothesis one, the simulations will be run for 200
time steps. Howerver, the four simulations will be run 1000 times for both graphs instead of
50, to compensate for the fact that there is just one graph of each network type instead of 20.
Moreover, instead of analyzing the summary statistics of average speed and average standard
deviations the full performance curve log files are exported and assessed.
P erf ormance = (intercept) + β · RSOut .f + γ · log(T ) + δ · log(T ) · RSOut .f + 

(3.3)

The performance curve values are fitted to a linear model as described by Equation 3.3
and graphically depicted in Figure 3.4, in which: β will identify the difference in intercept
for performance curves generated with both random search models, γ identifies the slope
of the performance curves of the eigenvector random search model over the logarithm of
time steps, and δ presents the difference in this slope for the outdegree random search model.
This method has likeness to the difference-in-difference method commonly used to asses the
effect of policy changes between a treated and an untreated group (Angrist & Pischke, 2009,
p. 227).
Performance
RSOut
δ
baseline
β

RSEv
γ
Time (T )

Figure 3.4: Regression factors derived from difference-in-differences method

3.4

Hypothesis 3

Hypothesis 3 can be tested on the same general dataset presented in Section 3.2.1, for the
hypothesis asserts the difference between the mean and maximum eigenvector centrality is
correlated with the plateauing of the performance curve forecasts, which can be measured by
the standard deviation of the realizations.
Like in the simulation of hypothesis 1, the simulations will be run 50 times for each of the
graphs. However, unlike in the analysis of hypothesis 1, the analysis will be run for 3000 time
steps instead of 200, and only for the random search model based on eigenvector centrality. It
is run for a longer time-span because the standard deviation of the realizations is expected to
reduce over time. Following the power-law curve, all realizations will ultimately approach 1.
Statistical summary variables are exported from the simulation, i.e. eigenvector centrality
values, and the standard deviation of the 50 realizations at different time steps. Moreover,
where the simulations in hypothesis one were run with an α of two, they are run with an α
of two and twenty. Increasing α will exaggerate the effects of innovation inertia, and thus,
magnify the underlying patterns in the stochastic models.
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The analysis of the statistical summary variables is twofold. First, the correlation between
the standard deviations at different time steps, and between the standard deviations and the
difference between the maximum and mean eigenvector centrality is assessed. Second, the
difference between the maximum and mean eigenvector centrality is included as a predictor
variable in a linear regression model predicting the standard deviation, to see if it is a
statistically significant predictor.

3.5

Conclusion

This chapter presented a description of the methodological approach embraced to answer
the three hypotheses presented in Section 2.5. First, a description has been provided of the
proposed random search model which deviates from the NK model and previous random
search models, by endogenizing innovation inertia to allow for different definitions of change
propagation, e.g. indirect as well as direct.
Second, it has been shown that an ensemble of graphs generated by different network
generating algorithms can serve as sufficient data set to compare the behavior of the three
different simulation models. Moreover, it has been argued that analysis based on a controlled
general ensemble of generated graphs is more useful than the comparison of model behavior
on a collection of empirically derived systems. For the graph generation approach allows more
control to ensure comparability, and because comparability of empiric DSMs is complicated by
consistency issues due to the engineering insight involved in defining a system’s decomposition.
Third, to answer hypothesis 2, a difference-in-difference approach has been employed, for
the analysis of many runs on two graphs. This analysis will explore how the performance
curve simulations of the random search model are influenced by differences in eigenvector and
outdegree centrality. Fourth, an analysis approach has been proposed to test if the difference
between the mean and maximum eigenvector centrality correlates with the plateauing effect
of performance curve forecasts.
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Chapter 4 exhibits the results of the analyses outlined in Chapter 3, by subsequently addressing
the hypotheses formulated in Section 2.5. The interpretation, discussion, and implications of
the results are formulated in Chapter 5.

4.1

Hypothesis 1

Hypothesis 1 states that in general the three models the two random search models and the NK
model will generate similar performance curve forecasts. Section 3.2 describes this similarity
can be tested on three aspects, (i) correlation of average speed, (ii) similar performance of
different networks types, and (iii) the correlation between standard deviations of performance
curve forecasts. This section presents the results of the analysis on these accounts which are
found to support the hypothesis. When tested on a general ensemble of graphs the forecasted
performance curves of the models have a strong positive correlation.
4.1.1

Speed

The correlation of speed between the three models is assessed in two ways; first, a comparison
of the correlation of time-to-threshold values, i.e. inverse measure of speed; second, the
identification of “fast” and “slow” graph types is compared for the three simulation models.
The correlation between the performance curves of all three models, is positive and
significant. Figure 4.1, shows the correlation between the “time to reach performance
threshold” of the three models, which is an inverse measure of speed. It is clear that all three
models have strong positive correlation, and that all have a shorter time-to-threshold when
the system consists of fewer components (N). This relation can be contributed to the higher
relative component influence in smaller systems, as system performance equals the average
of component performance. As explained in Section 3.1, the possible system performance
change at each time step lies within the range (0 to N1 ) for the random search models, and (0
to 1+outset
) for the NK model. Which corresponds to the findings presented by Auerswald et
N
al. (2000, p. 427), stating that for small N (N < 100) increasing N will decrease the progress
ratio of the performance curves, i.e. speed.

Figure 4.1: Correlation between N and the speeds of the NK, eigenvector, and outdegree models
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Table 4.1: Linear models of time to reach threshold (Performance > 0.7)
LS (S=3)
(Intercept)
GrowingRandom.f
K Regular.f
Ring.f
Static PowerLaw.f
Stochastic Blockmodel.f
N

RS Eig
(Intercept)
GrowingRandom.f
K Regular.f
Ring.f
Static PowerLaw.f
Stochastic Blockmodel.f
N

RS Out
(Intercept)
GrowingRandom.f
K Regular.f
Ring.f
Static PowerLaw.f
Stochastic Blockmodel.f
N

Estimate

Std. Error

t value

Pr(> |t|)

R2 0.9345

-2.26
-0.28
-4.98
-5.27
0.08
4.43
2.53

0.88
1.05
1.05
1.05
1.05
1.05
0.04

-2.56
-0.27
-4.74
-5.01
0.08
4.22
70.76

0.01
0.79
0.00
0.00
0.94
0.00
< 2e − 16

*

Estimate

Std. Error

t value

Pr(> |t|)

R2 0.9954

0.74
-0.35
-1.08
-1.13
0.05
-0.38
3.15

0.28
0.33
0.33
0.33
0.33
0.33
0.01

2.65
-1.05
-3.26
-3.41
0.15
-1.15
278.47

0.01
0.29
0.00
0.00
0.88
0.25
< 2e − 16

**

Estimate

Std. Error

t value

Pr(> |t|)

R2 0.9016

12.39
-2.98
-4.60
-4.67
1.03
-0.75
2.68

1.16
1.38
1.38
1.38
1.38
1.38
0.05

10.68
-2.16
-3.33
-3.38
0.75
-0.54
57.14

< 2e − 16
0.03
0.00
0.00
0.45
0.59
< 2e − 16

***
*
***
***

***
***
***
***

**
***

***

***

Fitting a linear model with time to reach threshold as dependent variable, and graph type
and system size as predictor variables, have high explanatory value as the R-squared of the
models exceeds 0.9, see Table 4.1. In all three models, the K regular and Ring lattice graphs
have a negative coefficient, where in all cases the ring lattice is slightly more negative. These
coefficients express a deviation from the standard linear regression if a performance curve
belongs to a specific graph type, included in the model as a factor. When a performance
curve does not belong to any of the graph types included in the regression model (type B-F)
it will have to belong to class A, the Erdös Réyni networks. Hence, the coefficients express a
difference in time-to-threshold, between the specific graph type and an Erdös Réyni graph.
Moreover, time-to-threshold can be interpreted as the inverse performance improvement
speed. Systems with a graph of type K regular or Ring lattice, have consistently lower values
for time-to-threshold than systems with graph type Erdös Réyni, therefore, they have a
higher performance improvement speed. Furthermore, the regression results show that the
correlation between system size and speed presented in Figure 4.1, is still significant and
positive in a multiple regression including graph types.
4.1.2

Fluctuations

Figure 4.2, presents a correlation matrix for system size and the maximum standard deviation
of the 50 learning curves of each system, for all three models. System size (N) has a significant
and negative correlation with the standard deviation of performance curves for each model,
TU/e

33

F.S. Zijlstra

How System Architecture Shapes Performance Curves

Results

Figure 4.2: Correlation between maximum standard deviation of 50 learning curves

i.e. larger systems will have smoother performance curves. This can be expected, because the
possible performance change at each time step is limited by N1 for random search models,
and 1+outset
for the NK model.
N
The maximum standard deviation is reached during the first few time steps, see Figure
4.3 with a peak at T ≈ 20. For the NK simulations, the maximum standard deviation is
nearly equal to the initial standard deviation (correlation of 1.00). In contrast, the initial
standard deviation of the random search models equals zero, because in the random search
models all simulations start from a performance level of zero, whereas the NK model starts
with a random system configuration and performance level.
It is in line with expectations that the standard deviation shrinks over time. The powerlaw relation of the learning curve states that improvement in the first time steps is larger
and shrinks over time. Likewise, all models have a large initial potential for performance
improvement, for all components, there is a large probability of drawing a performance value
higher than zero regardless the innovation inertia. However, when performance levels are
higher, the probability of drawing even higher performance values becomes increasingly small.
Therefore, progress slows down over time and the standard deviation will decrease.
To conclude, the second hypothesis cannot be rejected, correlation is positive and significant
on all of the three aspects tested in this aspects.

Figure 4.3: Distribution of standard deviation of 5000 performance curves over 100 time steps
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Hypothesis 2

Hypothesis 2 claims dissimilarity of the random search performance curve forecasts for systems
where outdegree and eigenvector centrality are different. Moreover, it is expected that there
exists a negative correlation between innovation inertia and progress ratio. This section
first presents a description of the differences between both graphs. Second, it presents a
linear regression showing a statistically significant difference in progress ratio between the
two random search models. Third, it contrasts the regression findings to an NK simulation,
illustrating the influence of the mediating factor α.
The analysis of hypothesis 2 has been based on two graphs for which the outdegree and
eigenvector centrality differ, see Section 3.3.1. The visual difference between the scaled
graphs appeared large, for different nodes are identified as most central. However, when
measuring the differences between the levels of innovation inertia the actual difference appears
smaller, see Table 4.2. On average, eigenvector centrality is larger than outdegree centrality
for both systems, which indicates that the outdegree should produce higher progress ratios.
Furthermore, it appears that the average level of innovation inertia is below 0.2, meaning the
sample sizes will have a near normal distribution for α = 2.
Table 4.2: Measures of innovation inertia

Innovation Inertia
Eigenvector
Outdegree
Eigenvector
Outdegree

Graph

Mean

Max.

Std.

A
A
B
B

0.17
0.08
0.11
0.05

0.47
0.24
0.38
0.68

0.11
0.07
0.17
0.13

centrality
centrality
centrality
centrality

To measure the difference in progress ratio between the two random search models a linear
regression analysis has been proposed. Figure 4.4, presents a schematic overview of the linear
model17 . Note that δ will identify the difference in progress ratio between both models. Table
4.3 presents the regression table based on the simulated performance curves of the random
search models with α of 2 and 4 on graph A and B.
Performance
δ
β

γ

RSOut
baseline
RSEv
Time (T )

Figure 4.4: Difference in differences method

As shown in the regression table, all included factors have a significant contribution to
the model. Furthermore, the R2 of 0.9264 indicates the regression model has low levels of
unexplained variance in the data. Following the symbols depicted in Figure 4.4, the difference
in intercept between both random search models, β, is low with a -0.004 difference. This
difference was expected to be low, for both models start with an initial system performance
of zero.
17

Figure 4.4 is first presented as Figure 3.4 in Chapter 3, but reproduced on a small scale for the convenience
of the reader.
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The standard slope, γ, equals 0.49, indicating the increased performance level when log(T )
is increased by 1. The outdegree model deviates from this slope, δ, with 0.016, i.e. the
outdegree model has a progress ratio of 3.2% steeper than the eigenvector model. The
direction of this difference is in accordance with the expectations, for the lower the levels of
average innovation inertia lead to a higher progress ratio.
Table 4.3: Linear model of the performance curves generated by the random search models including
graph A and B, and α 2 and 4
RS Type A&B Simple

Estimate

Std. Error

t value

Pr(> |t|)

R2 0.9264

(Intercept)
RSOut .f
log(T )
RSOut .f: log(T )

-0.282
-0.004
0.490
0.016

0.00030
0.00043
0.00016
0.00022

-935
-9
3116
70

< 2e − 16
< 2e − 16
< 2e − 16
< 2e − 16

***
***
***
***

Although all factors in the regression model are significant, the difference between the slope
of the two models is limited. This is partially explained by the low level of average innovation
inertia for all four configurations. Figure 3.1 illustrated the distribution of sample sizes for
different levels of innovation inertia. When α is set to be two, the probability distribution for
components with an innovation inertia level of 0.1 is near an uniform distribution. When α
increases, the sample sizes become increasingly skewed. Accordingly, when α is set to four,
the difference between the slope of the eigenvector and outdegree model increases to 7,5%.
When the linear model is extended to include data from performance curves of NK models,
it becomes apparent that for these systems the progress ratio is about 80%18 lower than the
progress ratio of simulations of the Eigenvector random search, see Table 4.4 and Appendix
B. When α is increased the progress ratio of the eigenvector simulations will decrease and
approach that of the NK models. Simultaneously, the gap between the eigenvector and
outdegree forecasts will grow by increasing α.
Table 4.4: Linear model of performance curves generated by both random search and NK models for
graph type A and B
Complete Simple

Estimate

Std. Error

t value

Pr(> |t|)

R2 0.9091

(Intercept)
log(T )
LSS2 .f
LSS4 .f
RSOut .f
log(T ): LSS2 .f
log(T ): LSS4 .f
log(T ): RSOut .f

-0.282
0.490
0.810
0.771
-0.004
-0.418
-0.367
0.016

0.00028
0.00015
0.00044
0.00044
0.00040
0.00023
0.00023
0.00021

-996.10
3321.38
1850.83
1761.62
-10.02
-1833.50
-1610.45
75.46

< 2e − 16
< 2e − 16
< 2e − 16
< 2e − 16
< 2e − 16
< 2e − 16
< 2e − 16
< 2e − 16

***
***
***
***
***
***
***
***

In short, there is proof for the significant negative correlation between innovation inertia
and the progress ratio. Although the magnitude of differences between performance curve
forecasts based on eigenvector centrality and outdegree centrality will depend on the mediating
factor α. Furthermore, the level of α has to be significantly larger than 4, before the random
search model based on eigenvector centrality will match the forecasts of NK simulations.
Nonetheless, hypothesis 2 cannot be rejected.
18
Percentages are calculated by dividing the estimated coefficients; LSS2 ⇒
0.75.
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Hypothesis 3

Hypothesis 3 has been tested in two ways, first by inspecting if there is a positive correlation of
the difference between the maximum and mean innovation inertia and the standard deviation,
i.e. plateauing, of its performance curve forecasts. Second, by including the difference between
the maximum and mean innovation inertia as a predictor variable in a linear regression model
to see if it is a statistically significant predictor. On both accounts the hypothesis cannot be
rejected.
First, there is a positive and statistically significant correlation between the deviation,
i.e. plateauing, of performance curve forecasts and the difference between the maximum and
mean innovation inertia, see Figure 4.5. The correlation is not perfect with correlation factors
around 0.4. However, the correlation between the levels of standard deviation measured at
different time steps is also relatively low. These findings indicate that the stochastic nature
of the random search models might also influence the standard deviation, i.e. give rise to a
large error term.

Figure 4.5: Correlation between M axii − M eanii and StdRS

.
Similar patterns are found by an analysis of linear regression models fitting the standard
deviation of performance curves with the predictor variables: number of nodes, α, and
M axii − M eanii . The R2 of the models is not particularly high at 0.74 for T=500, and
decreasing when assessed at larger time steps. The low levels of R2 indicate a relatively large
portion of the variance in the standard deviation data not accounted for by the model. This
deviation is likely due to the stochastic nature of the models.
The regression Table 4.5, indicates that all three predictor variables are statistically
significant. Increasing the difference between the maximum and mean innovation inertia has
a significantly positive effect on the standard deviation, i.e. plateauing, of performance curve
forecasts. When α is increased, the effect of increasing M axii − M eanii on the plateauing on
the performance forecasts increases as well. Moreover, separate inclusion of the predictor
variables maximum and mean innovation inertia has a neglectible effect, indicating the single
factor approach is sufficiently accurate, see Appendix C.
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Table 4.5: Linear model of standard deviation at time step 500, with N, α, and M axii − M eanii as
predictor variables
lm H3
(Intercept)
N
Alpha
M axii − M eanii
Alpha: M axii − M eanii

Estimate

Std. Error

t value

Pr(> |t|)

R2 0.7424

0.00475
0.00016
-0.00026
0.00760
0.00038

0.000175
0.000009
0.000008
0.000429
0.000044

27.07
17.70
-31.56
17.71
8.56

< 2e − 16
< 2e − 16
< 2e − 16
< 2e − 16
< 2e − 16

***
***
***
***
***

Based on the results presented in the correlation table and the linear regression model,
hypothesis 3 cannot be rejected. It holds for the general collection of systems on which
the analysis of both hypothesis 1 and 3 are based. There is a statistically significant
correlation between the standard deviation of performance curves and the difference between
the maximum and mean innovation inertia. Even though the correlation is not absolute, i.e. a
significant error term remains.
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Discussion

This research project is concluded with a discussion of its main results and findings in Section
5.1. Subsequently, the study’s managerial implications are presented in Section 5.2, supported
by two example cases to which the study’s findings have been applied. Thereafter, the main
scientific contributions and limitations are presented in Section 5.3 and 5.4 respectively.

5.1

Discussion of results

It becomes clear from the results of the analysis testing hypothesis 1, presented in Section 4.1,
that the forecasting patterns of all three models have a strong correlation. The performance
curves simulated by the three models, have highly correlated speed levels, they all identify
the ring and k-regular graphs as “fast”, and show similar patterns of standard deviation.
However, there are differences between the landscape and random search models, so is the
initial performance value of the latter zero and the former non-zero, as the distribution of
initial performance levels in the NK model follows a normal distribution with a mean of 0.5.
Moreover, the maximum performance change in one time step is limited to N1 for random
search models, whereas it is limited to 1+outset
for the NK model.
N
Likewise, hypothesis 2 cannot be rejected. For the systems where the eigenvector and
outdegree centrality return slightly different levels of innovation inertia, the performance
curve forecasts will be significantly different. Moreover, higher levels of centrality result in
lower progress ratios, i.e. negative correlation. The results indicated statistical significance, in
spite of the relatively small difference between the centrality measures, and the consequently
small differences in performance curve forecasts.
Moreover, the results of the analysis of hypothesis 2 indicated that for low levels of α the
slight differences between the two centrality measures are neglectable. In other words, when
α is low, the exact formulation of innovation inertia will have no effect on the performance
curve dynamics. This can be expected, for the sample sizes in the random search model will
have a near uniform probability distribution.
Lastly, hypothesis 3 cannot be rejected, there is a statistically significant, positive correlation between standard deviation and the difference between maximum and mean eigenvector
centrality. Moreover, analysis of the plateauing effect in performance curves, measured by
the standard deviation of different stochastic simulations, has shown a decrease of plateauing
over time, see Figure 5.1a. The standard deviation of the simulations is largest in the first
time steps of the simulations because in this phase the performance curve is steep, i.e. there
is a lot of room for rapid improvement. This illustrates the initial fuzzy phase of product
development (Alblas & Langerak, 2015; Alblas & Jayaram, 2015), a phase that is dominated
by product innovations rather than process innovations, see Figure 5.1b.
Influence of α The influence of innovation inertia on the performance curves is mediated
by the definition of α. To recap, the value of α mediates the translation of the eigenvector
centrality values to standard deviations shaping the sample space for the component fitness
values, Equation 5.1. When α is set to zero, all sample spaces will have a uniform distribution,
regardless the centrality of the node. Increasing α increasingly skews the sample space of
nodes with a high level of eigenvector centrality, effectively slowing the progress of these
components.
sdi = 101−(Ii ·α)
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(a) Distribution of standard deviation of 5000
performance curves over 100 time steps

Discussion

(b) Innovation cycles (Utterback & Abernathy,
1975)

Figure 5.1: Comparison of the standard deviations of performance curves and innovation cycles

The systems studied in the analysis of hypothesis 2 have an average innovation inertia of
0.1, corresponding to sample spaces with a near uniform distributions. Hence, the difference
between a component with an inertia level of 0.05 and 0.15 can hardly be noticed. When α is
increased this difference is amplified, although an inertia level of 0 still results in a uniform
probability distribution. However, innovation inertia levels above zero will inflict increasingly
skewed sample spaces, see Figure 5.2.

(a) α = 0

(b) α = 1

(c) α = 2

(d) α = 4

Figure 5.2: Sample space for different levels of α

The systems used in the analysis of hypothesis 2 can also be used to simulate performance
curves using the NK model. Adding the landscape performance curve forecasts to the
regression model shows that the realizations of the NK model have a 86% lower progress ratio
than the eigenvector random search with α = 2, and the NK model with four states 76%
lower. Increasing α decreases the difference between the random search and NK models. This
corresponds to the findings of Auerswald et al. (2000, p. 428), who describe that increasing
the number of states per component will benefit the long-run productivity improvement.
Furthermore, increasing α increases the difference between the random search model based on
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eigenvector and outdegree centrality, for the contribution of the uniquely defined innovation
inertia becomes increasingly significant in the performance curve simulations.
One of the significant shortcomings of the performance curve models presented in Chapter
2, was the large unexplained variance in among the progress ratios of different technologies,
causing a large dependency on historic data of technologies. This progress ratio differs
significantly from the factor α mediating the influence of innovation inertia in the random
search simulations.
Because, the exact level of α is only required when forecasts are based on the random search
simulations. Whereas the goal of this research project has been to assist in the development
of multi-factor learning curve models including innovation inertia. When innovation inertia as
predictor variable proves to be statistically insignificant, it can be concluded that apparently
the α is low.
Moreover, even when the the expected performance increase in the first time step - see
Appendix A - is included as predictor variable instead of average inertia. The influence of
α on the forecasts is much lower than the progress ratio in Wright’s law, hence, a rough
estimation will still suffice. Nonetheless, empiric evaluation of historic performance curves is
required to construct an initial model which can subsequently be generalized and used for
performance curve forecasts.
Conclusion This research project aimed to develop a quantitative measure of innovation
inertia, which can be used to improve the accuracy of performance curve forecasts and
which provides engineering management the opportunity to intentionally design systems
for optimal performance curves. Chapter 2 presented different measures of innovation
inertia, among which eigenvector centrality and outdegree centrality. The first considers both
direct and indirect influences between components, whereas the latter only considers direct
influences. Furthermore, the Chapter described a gap between the description of change
propagation by engineering design literature, and innovation sciences literature, the first
describes change propagation as a ripple effect throughout the system, whereas models of
evolutionary innovation only consider direct influences between components.
To address this gap in literature, a novel random search model has been proposed with a
modular innovation inertia function, allowing for easy comparison of different definitions of
innovation inertia, e.g. outdegree and eigenvector centrality. Moreover, unlike previous models,
the proposed model allows for consideration of the indirect effects of change propagation
by explicitly endogenizing the emergent probability density functions of NK and previous
random search models.
The analysis of hypothesis 1 has shown that in general the behavior of the proposed
random search model is comparable to that of an NK model. Moreover, it proved that a
random search model based on eigenvector centrality produces performance curves with
similar patterns as one based on outdegree centrality. However, the analysis of hypothesis
2 has shown, that for specific system architectures both measures of innovation inertia can
result in different outcomes. Moreover, the measures will highlight different components as
slowing the progress rate of the system, i.e. components with high innovation inertia.
The behavior of the proposed model of random search can be described by the model
depicted in Figure 5.319 . There exists a strong negative correlation between innovation
inertia and the progress ratio of the performance curve. Furthermore, there is a positive
relation between the difference between maximum and mean innovation inertia and the level
of plateauing observed in the performance curve forecasts. More specifically, the relation
19

Figure 5.3 has been previously presented as Figure 2.10, and is reproduced for the convenience of the
reader.
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between innovation inertia, i.e. a vector of values for all components of the system, and the
expected progress ratio can be described by Equation 5.2.

i
P h (1−Ii α) q 2
√ 0.785398
10
·
·
erf
i
π
2·10(1−Ii α)
E[p1 ] ≈
(5.2)
2
N
This research project provides sufficient theoretical basis for further research including
innovation inertia as an additional factor in performance curve forecasts. It proposes a bridge
between the models of evolutionary innovation and the change propagation dynamics described
in engineering design literature. Although it might be valuable to consider alternative related
measures of innovation inertia such as Katz centrality, which allows for mediation between
direct and indirect links.

System Architecture

(-)

Progress Ratio

max(Ii ) − mean(Ii )

Plateauing

Innovation Inertia

Figure 5.3: Schematic representation of the expected relation between system architecture and performance curves

5.2

Managerial Implications

This thesis explored how the complexity of technologies can be assessed and included in
performance curve forecasts, the results of the study can provide managerial implications in
two ways. First, by defining a measure of systemic innovation inertia, engineering designs can
be assessed and intentionally structured for high progress rates. Two methods of approaching
systemic innovation inertia are presented: outdegree centrality limited to direct influences
between components and eigenvector centrality, where both direct and indirect influences are
captured. These measures provide related but distinct descriptions of a technological system.
The systems can identify different components as difficult to change, i.e. having high inertia,
and propose different suggestions of decreasing the system’s innovation inertia.
Second, the thesis proposed a model of random search which forecasts the progress ratio
and plateauing effect of systems with respect to its innovation inertia. This can help to
improve the accuracy of performance curve forecasts. Furthermore, the understanding of
the plateauing effect can indicate to what extent the products progress will be influenced
by randomness, e.g. in early development stages systems with high levels of plateauing may
progress at very different rates in firms, even when all other factors are constant.
Both managerial implications are illustrated by two examples, the assessment of two
ballpoint pen designs, and the intentional redesign of the Mozilla software which significantly
increased its progress ratio.
5.2.1

Ballpoint Pen Example

To illustrate how the findings of this thesis can contribute to the engineering design process
lets consider the engineering process of a ballpoint pen. Figure 5.4 presents the system
architecture of two alternative ballpoint pen designs, derived from the work of Lindemann
et al. (2009) and Maier et al. (2014). When the engineers need to decide which of the two
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(b) Network B

(c) DSM A

(d) DSM B

Figure 5.4: The system architecture of two ballpoint pens (Lindemann et al., 2009; Maier et al.,
2014)

engineering designs is preferable, they will need to assess a variety of criteria, e.g. functionality,
safety, environmental, reliability (by failure modes and effects analysis), and costs (Jackson,
2009). Through the mechanisms previously described, the innovation inertia of the systems
can be used to predict whether there will be a difference in progress ratio between the two
architectures. Furthermore, innovation inertia can be used to predicted whether there will be
differences in the plateauing of the performance curves.
The difference in average eigenvector centrality between the two ballpoint pen architectures
is small, with average values of 0.34 and 0.32. However, the core component of system B is
relatively more central than the core component of system A, as Bmax = 0.60 is larger than
Amax = 0.51. Consequently, the difference between the maximum and average eigenvector
centrality is larger for system B than for system A, respectively 0.28 and 0.17. Based on the
findings of this study it can be concluded that both systems will have a comparable progress
ratio, but the performance curve of system B will have a larger degree of plateauing. Because,
after some time most of the room for improvement will be located in the one core component.
5.2.2

Mozilla Example

Early 1998 the source code of Mozilla was made available as open source code, which grew to
form the basis of the popular Mozilla Firefox web browser (Oh, Lee, & Lee, 2011). The code
was derived from Netscape’s web browser called Navigator and released with the hope an open
source community would contribute to its development. However, the system architecture had
an initial high level of complexity, meaning it required great efforts for independent developers
to contribute to the project. Changing one component could result in many unforeseen errors
in other components. Therefore, a group of Mozilla engineers tried to redesign the system
architecture and reduce its complexity. Figure 5.5 shows the system architecture of the
Mozilla software before and after the redesign efforts, it can clearly be seen that the number
of dependencies between components had been reduced (MacCormack et al., 2007).
Moreover, the impact of the redesign can be shown by a significant (80%) reduction of
propagation costs, a measure of innovation inertia proposed by MacCormack et al. (2007,
2012). Propagation costs can be understood as the average share of system components
that can be affected if a random component is changed (Eppinger & Browning, 2012, p. 56).
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Figure 5.5: The system architecture before and after the redesign of the Mozilla software (Eppinger
& Browning, 2012, p. 55)

As described in Section 2.4, the measure is derived from a visibility matrix in which both
direct and indirect connections are identified with equal weight, regardless of the path length
between components. In this way, it is on the other end of the centrality spectrum as
outdegree centrality, which only considers direct connections.
Figure 5.6 presents the networks and DSMs20 of a stylized interpretation of the Mozilla
redesign case. Both systems have been generated using the stochastic block model, are
symmetric, have a core of five components that is well connected to the rest of the system,
and have a lower interaction density between the non-core components. Although the
difference between core and non-core is much higher in the second system.
Applying the methodology of presented in this thesis to the stylized example indicates
that the average eigenvector centrality of system A is marginally higher than that of system
B (0.18 > 0.14). Furthermore, the difference between the maximum and average eigenvector
centrality is significantly larger for system B (0.23 > 0.06). This can be explained by the
fact that system A shows resemblance to a regular graph, whereas system B resembles a
core-periphery structure.
Simulating the performance curves of these systems, using the proposed random search
model, indicate that indeed system B will have a higher progress ratio. Moreover, system
B will have a more significant influence of the plateauing effect. These effects hold both
when innovation inertia is defined as eigenvector centrality, as well as defined by outdegree.
However, the difference between both systems is significantly influenced by the definition of
α, see Appendix D for the regression results.
The results from the simulations correspond with the expected performance improvement
at the first time step following Equation 3.2, see Appendix A. When α = 2, the mean of the
sample space for both systems equals 0.5, i.e. correspond to a uniform distribution. When
α = 10, the expected progress of system B exceeds that of system A by 103%.
Furthermore, the difference between both systems is significantly larger when innovation
inertia is defined by outdegree instead of eigenvector centrality. These definitions of innovation
inertia, as well as the measure of propagation costs derived from the visibility matrix, present
related and yet distinct representations of the system’s complexity. Hence, selecting a correct
measure of innovation inertia for an empiric case study requires a qualitative understanding
of the change propagation dynamics in that sector.

20

The DSMs have been clustered using a Markov clustering algorithm (Wilschut, Etman, Rooda, & Adan,
2016)
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(a) Network A

(b) Network B

(c) DSM A

(d) DSM B

Figure 5.6: Stylized representations of the system architectures before and after the redesign of the
Mozilla software

5.3

Scientific Contribution

This research project contributes academia in a number of ways. First, a metric of innovation
inertia has been proposed, to increase the accuracy of performance curve forecasts by
considering the differences in complexity among technologies.
Second, the study showed how models of evolutionary innovation in the field of innovation
sciences, e.g. NK-model (Kauffman, 1993; Auerswald et al., 2000; Frenken, 2006b) and
random search models (McNerney, Farmer, et al., 2011), only consider the direct influences
of interactions between components. This does not correspond to the mechanisms of change
propagation described in the fields of engineering design (Clarkson et al., 2004; Ethiraj &
Levinthal, 2004; MacCormack et al., 2007; Baldwin et al., 2014; Wynn et al., 2014).
Third, to bridge the gap between these different approaches an alternative random search
model has been proposed, in which innovation inertia can be easily defined by various
centrality measures. The model has shown to have similar performance to existing models,
although it allows a wide range of alternative definitions of innovation inertia to be tested,
e.g. Katz centrality, which explicitly defines the diminishing influence of distant components.
Fourth, by explicitly defining a mechanism of change propagation expressed in the innovation inertia, a third factor influencing the dynamics of evolutionary innovation has been
introduced, besides the average degree of connectivity (K), and the pattern of interactions
(Rivkin & Siggelkow, 2007), i.e. distribution of this degree (K).
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Discussion

Limitations and directions for further research

This research project has several limitations and areas where further research is recommended.
First, there is a need for empiric validation to see if the inclusion of innovation inertia as a
factor in performance curve forecasts will improve its accuracy and reduces the dependency
on historic data. Innovation inertia (or the expected progress at the first time step) can
be included in multi-factor performance curve forecasts, besides other factors such as R&D
investment, market conditions, and the influx of external knowledge.
Second, both the random search models and the NK-model are based on the assumption
that the structure of a system does not change over time, although various studies suggest
the contrary. Altenberg (1994) describes the growth of biological systems by the addition of
peripheral components. This mechanism can also be seen in the relatively novel additions
of safety features and satellite navigation to cars, which are much more peripheral than
for instance the steering or transmission components (Frenken, 2006b). In the context of
software systems, Baldwin et al. (2014) find a negative relation between the relative size of a
system’s core and the system’s size. Nonetheless, software systems can experience both core
growth and peripheral growth. Moreover, Hidalgo (2015) describes how a system describing
the global economic complexity grows from within the core by inventing new and highly
complex technologies. Since literature does not readily present one general mechanism of
system growth, it cannot readily be implemented in the proposed random search model. This
raises questions that can be answered in future research; to what extent is the change of
system architecture over time influential and predictable?
Third, both the random search models and the NK-model only allow a change in one
component at each time step. Therefore, the influence of the parallel development of
disconnected components is not considered. Future research can be aimed at testing to what
extent the innovation inertia of a system influences the success of the parallel development.
Moreover, the model can be extended to include such efforts.
Fourth, engineering efforts can reduce the influence of change propagation between
components by specifically engineering the interfaces between components (Ulrich, 1995).
When such efforts are embraced the original DSM might not correctly specify the change
propagation of this specific system. In this context, multilevel or weighted networks can be
of assistance by representing the differences between the standard system architecture and
the change propagation architecture, see the work of Casiraghi (2017). Innovation inertia
of systems should always be calculated on the basis of the change propagation networks.
However, future research will be required for the application of a measure such as eigenvector
centrality to systems that are disconnected.
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Expected Performance Formula

Expected Performance Formula

The random search model is based on drawing random values from different sample spaces,
for each component a probability density function is defined based on its level of innovation
inertia. This appendix describes how the innovation inertia dependent expected performance
value for the random search models has been approximated.
The probablity functions can be classified as truncated normal distributions, for it is a
normal distribution with a mean of zero and bound between 0 and 1 (N. L. Johnson, Kotz,
& Balakrishnan, 1994). For this class of normal distributions Equation A.1 and A.2 describe
the probability density function for the standard normal distribution, Equation A.3 and A.4
describe its cumulative distribution function, and Equation A.6 provides a function for the
mean of the truncated normal distribution. In these equations a and b respectively describe
the lower and upper bound of the distribution.
1
φ(a) = √ exp
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(A.4)
(A.5)
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During this research project the following values have been used in the definition of the
sample spaces:
µ=0

(A.7)

a=0

(A.8)

b=1

(A.9)
1−Ii ·α

σi = 10

(A.10)

To describe the expected progress of the random search model in the first time step, these
values are entered into Equation A.6. Furthermore, the average expected progress is needed,
hence, the expected progress per component is summed and divided by N. Moreover, the
sum is multiplied by N12 to not only calculate the average progress of the system components,
but also to correct for the fact that only one component is changed at a time, i.e. progress is
limited to N1 . Equation A.11 describes the equation for expected progress in the first time
step.
    

2
1
√1 − √1 exp −1
2
σi
X  2π
2π
 1



E[p1 ] =
σi 
(A.11)
 1
 · N2
1√
1
1
+
erf
−
i
2
2
σ 2
i

TU/e

53

F.S. Zijlstra

How System Architecture Shapes Performance Curves

Expected Performance Formula

Table A.1, presents the results of a comparison of the theoretic Equation A.11 and the
algorithmic function used in the random search model. The computational mean has been
calculated by measuring the average of 100000 draws from the sample space. The average
deviation of the computational and theoretic mean is less than 0.2%. Hence, it can be
concluded that Equation A.11 accurately describes the expected progress in the first time
step of running the random search model.
Table A.1: Comparison of the empirically and theoretically calculated mean of the sample spaces

TU/e

Inertia(Ii )

Std (σ)

Computational(E[x])

Theoretic(E[x])

0.00
0.20
0.40
0.60
0.80
1.00

10.00
3.98
1.58
0.63
0.25
0.10

0.499963
0.497905
0.483593
0.407484
0.200193
0.079860

0.499583
0.497375
0.483542
0.405665
0.199417
0.079789
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Regressions: Hypothesis 2

Regressions: Hypothesis 2
Table B.1: Additional regression tables of linear models

Random Search Simulations; graph B; α = 4

Estimate

Std. Error

t value

Pr(> |t|)

R2 0.9395

-0.26798
-0.01071
0.45861
0.03425

0.00052
0.00074
0.00027
0.00039

-512.29
-14.48
1682.90
88.87

< 2e − 16
< 2e − 16
< 2e − 16
< 2e − 16

***
***
***
***

Estimate

Std. Error

t value

Pr(> |t|)

R2 0.9409

-0.30599
0.54830
0.00719
0.02357
-0.00802
-0.00893
-0.01801
-0.03677
0.00432
-0.01070
0.01703
0.01754
0.00303
-0.00867
-0.00340
0.00107

0.00121
0.00063
0.00038
0.00171
0.00171
0.00054
0.00020
0.00089
0.00054
0.00242
0.00089
0.00028
0.00076
0.00028
0.00126
0.00040

-253.03
870.33
18.79
13.78
-4.69
-16.51
-90.42
-41.28
7.99
-4.42
19.12
62.24
3.96
-30.76
-2.70
2.69

< 2e − 16
< 2e − 16
< 2e − 16
< 2e − 16
0.00
< 2e − 16
< 2e − 16
< 2e − 16
0.00
0.00
< 2e − 16
< 2e − 16
0.00
< 2e − 16
0.01
0.01

***
***
***
***
***
***
***
***
***
***
***
***
***
***
**
**

Estimate

Std. Error

t value

Pr(> |t|)

R2 0.9103

-0.28444
0.49426
0.00495
0.81266
0.77917
-0.00321
-0.00897
-0.42280
-0.37873
0.01583
-0.00477
-0.01590
-0.00161
0.00939
0.02299
-0.00019

0.00040
0.00021
0.00056
0.00061
0.00061
0.00056
0.00029
0.00032
0.00032
0.00029
0.00087
0.00087
0.00080
0.00045
0.00045
0.00041

-715.55
2386.81
8.80
1321.85
1267.37
-5.71
-30.63
-1320.29
-1182.69
54.06
-5.48
-18.29
-2.02
20.73
50.77
-0.45

< 2e − 16
< 2e − 16
< 2e − 16
< 2e − 16
< 2e − 16
0.00
< 2e − 16
< 2e − 16
< 2e − 16
< 2e − 16
0.00
< 2e − 16
0.04
< 2e − 16
< 2e − 16
0.65

***
***
***
***
***
***
***
***
***
***
***
***
*
***
***

(Intercept)
factor(Model)Out
Time.log
factor(Model)Out:Time.log
Random Search Simulations
(Intercept)
Time.log
Alpha
factor(Model)Out
factor(Type)B
Alpha: factor(Model)Out
Time.log: Alpha
Time.log: factor(Model)Out
Alpha: factor(Type)B
factor(Model)Out: factor(Type)B
Time.log: factor(Type)B
Time.log: Alpha: factor(Model)Out
Alpha: factor(Model)Out: factor(Type)B
Time.log: Alpha: factor(Type)B
Time.log: factor(Model)Out: factor(Type)B
Time.log: Alpha: factor(Model)Out: factor(Type)B
Random Search and NK Simulations
(Intercept)
Time.log
factor(Type)B
factor(Model)LS2
factor(Model)LS4
factor(Model)Out
Time.log: factor(Type)B
Time.log: factor(Model)LS2
Time.log: factor(Model)LS4
Time.log: factor(Model)Out
factor(Type)B: factor(Model)LS2
factor(Type)B: factor(Model)LS4
factor(Type)B: factor(Model)Out
Time.log: factor(Type)B: factor(Model)LS2
Time.log: factor(Type)B: factor(Model)LS4
Time.log: factor(Type)B: factor(Model)Out
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Regressions: Hypothesis 3

Regressions: Hypothesis 3

Table C.1: Linear model for the standard deviation of performance curve forecasts at time step 500

STD500
(Intercept)
N
Alpha
MeanEV
MaxEv

TU/e

Estimate

Std. Error

t value

Pr(> |t|)

R2 0.7238

0.00707
0.00010
-0.00026
-0.01152
0.00646

0.00
0.00
0.00
0.00
0.00

12.97
6.81
-31.95
-11.87
13.12

< 2e − 16
0.00
< 2e − 16
< 2e − 16
< 2e − 16

***
***
***
***
***
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Regressions: Mozilla Example

The simulations used in the Mozzilla example have been based on the 200 runs of the random
search model, each for 500 time steps. When α = 2 the average sample mean is about 0.50
when innovation inertia is defined as eigenvector centrality for both system A and B. However,
when α = 10 both systems depart, and the average sample mean per component equals 0.15
for system A and 0.30 for system B.
Besides the changed pattern of interaction between components, the average degree has
been reduced significantly from 21 to 6. This reduction is accounted for in the analysis of
outdegree centrality, but to a lesser extent in the definition of eigenvector centrality. Hence,
it is usefull to test alternative measures of innovation inertia such as Katz centrality, and see
if these measures provide an even more comprehensive description of the system’s innovation
inertia.
Table D.1: Regression tables of the stylized Mozilla example, with different definitions of innovation
inertia
Estimate

Std. Error

t value

Pr(> |t|)

R2 0.9458

-0.22402
0.44793
-0.00958
-0.00893

0.00
0.00
0.00
0.00

-288.28
1330.03
-8.72
-18.74

< 2e − 16
< 2e − 16
< 2e − 16
< 2e − 16

***
***
***
***

Estimate

Std. Error

t value

Pr(> |t|)

R2 0.9665

-0.15523
0.19845
-0.01802
0.10445

0.00
0.00
0.00
0.00

-314.09
926.52
-25.78
344.83

< 2e − 16
< 2e − 16
< 2e − 16
< 2e − 16

***
***
***
***

Estimate

Std. Error

t value

Pr(> |t|)

R2 0.9592

(Intercept)
Time.log
factor(Type)B
Time.log:factor(Type)B

-0.26439
0.37556
0.05067
0.06958

0.00
0.00
0.00
0.00

-366.13
1200.02
49.62
157.20

< 2e − 16
< 2e − 16
< 2e − 16
< 2e − 16

***
***
***
***

Out; Alpha 4; 1340\%

Estimate

Std. Error

t value

Pr(> |t|)

R2 0.9932

(Intercept)
Time.log
factor(Type)B
Time.log:factor(Type)B

-0.02281
0.02840
-0.19479
0.38043

0.00
0.00
0.00
0.00

-44.92
129.02
-271.23
1222.25

< 2e − 16
< 2e − 16
< 2e − 16
< 2e − 16

***
***
***
***

Ev; Alpha 4; -2\%
(Intercept)
Time.log
factor(Type)B
Time.log:factor(Type)B

Ev; Alpha 10; 52\%
(Intercept)
Time.log
factor(Type)B
Time.log:factor(Type)B

Out; Alpha 2; 19\%
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