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ABSTRACT

Firms engaging in product development (PD) face the imperative problem of allocating scarce
development resources to a multitude of opportunities. In this paper, we propose a mathematical
formulation to optimize PD investment decisions. The model maximizes the performance of a
product under development, based on its architecture and the firm’s available resource, by choos-
ing the optimal resource allocation across product modules and design rules that govern the rela-
tionships between these modules. Results based on a comprehensive experiment (with various
architectural patterns, escalating number of dependencies, and different problem sizes) shed light
on three important hypotheses. First, product architecture affects resource allocation decisions
and ultimately product performance. The second hypothesis tests whether modular or integral ar-
chitectures can attain higher performance levels based on our formulation. A third hypothesis
states that there is a shift in the temporal allocation of resources from design rules to individual
modules; thus, supporting the move from integral to modular architectures as the product evolves
across multiple generations. Finally, the model and the experimental results provide design and
managerial insights to both development engineers and managers. Specifically, for development
engineers, the model and its analysis provide guidance for selecting the product architecture
which leads to maximum performance. For development managers, the model and its analysis
assist in deciding the optimal budget proportions to be allocated to modules and to design rules,

given a fixed architecture and budget.
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1. INTRODUCTION

The role of architecture in defining systems and describing their behavior has been thoroughly
documented in the systems engineering literature (Crawley et al., 2004). As a matter of fact,
complexity theory is built upon the notion that a complex system is defined not only by its
constituent parts (i.e., components and modules) but also by how these parts interact together
(i.e. dependency structure or simply architecture) to provide utility to customers (Simon, 1965;
Bar-Yam, 1997). The complexity of the system stems primarily from the fact that some of these
interactions are unknown in nature and magnitude and their implications on system performance
(e.g., laptop weight or storage capacity) and development process performance (development
time and cost). To further explore systems architecture, researchers have distinguished between
modular and integral architectures as the two polar extremes of an architectural continuum
(Ulrich, 1995). More recently, network theory has added several interesting contributions that
relate to the dependency structure of complex systems, which include architectural descriptions
such as hierarchy, scale free, small world, etc. (Barabasi, 2002; Newman, 2003).

In addition to being a way to understand, manage, and characterize the architecture of a
complex product system, in product development (PD) modularity is a strategy to design
complex systems. Modularization proceeds in two steps: establishing a modular architecture and
developing design rules (Baldwin and Clark, 2000). Establishing a modular architecture is
concerned with the division of a product system into smaller building blocks, called modules,
such that interactions within module boundaries are maximized and interactions between
modules are eliminated or minimized." Using this strategy, developing complex systems is based
upon designing individual modules that are part of a larger system according to a formal

architecture.?

! There are various clustering algorithms in the literature (e.g., Yu et al. 2007; Borjesson and Holttd-Otto, 2014);
however, in this paper, we treat the grouping of components into modules as exogenous and focus on between-
module dependencies.

2 Product or system architecture is the mapping of functional elements into physical modules (Ulrich, 1995).



One main benefit of modularization is that it facilitates system performance improvement
by independently improving individual modules within the system. However, in complex
systems, we cannot simply design each module separately (to improve its performance) and
ignore the potential impact on the performance of other modules.® As opposed to ideal
modularity, integral systems involve a strong dependency between individual modules where
changes made to any module (to improve its performance) may deteriorate or improve the
performance of others. Consequently, in an integral architecture an optimal performance for each
individual module may not necessarily lead to a global optimal performance for the whole
product or system due to the complex interactions between the various modules (Mihm et al.,
2003). Thus, the second step of modularization is concerned with the dependencies outside
module boundaries to investigate the possibility of eliminating them using design rules (Baldwin
and Clark, 2000). An improved understanding of the dependency or relationship between
modules (i.e., its nature, magnitude, and implication on involved modules) reduces the strength
of dependence through either (a) the creation of a higher level design rule in the DSM, or (b)
internalizing the rule within the design of each module (Baldwin and Clark, 2000). This process
facilitates reaching a mutual upfront agreement (which is the design rule) regarding some design
decisions.* That is, design rules function as standards mediating interdependencies between
modules (Martin and Ishii, 2002; Frenken, 2006).

Although modular systems have many benefits related to development time and cost, a
perfectly modular design may not always be achievable due to business and technical constraints
(Holtta-Otto and de Weck, 2007). Cutherell (1996) argues that integral architecture is often
driven by product performance and cost while modular architecture is driven by variety, product

change, engineering standards, and service requirements. Along similar lines, Whitney (2004)

* Performance can be defined as the return to development effort (or budget) along a technical (or economical)
dimension of interest. Examples include the speed of a microprocessor or the number of features implemented in a
new software release. Economical examples of performance can include market share and revenues.

* This process may reduce the design freedom (alternatives) for one or both modules, but provides the dependent
module a head start and may save costly iterations, negotiations, and perhaps integration problems, which may
surface later during development.



argues that modularity is not always a desirable property; a modular product is likely to be larger,
heavier, and less energy efficient; especially in case of high power mechanical products (e.g.,
electro-mechanical-optical products), as opposed to low power signal processor type products
(e.g., VSLI design, which can be considered fully modular).

This paper aims to develop a mathematical optimization model for resource allocation in
PD to maximize product performance (by investing in product modules and in design rules)
where the topology of the product architecture is taken into account. The model serves as a
decision support tool for making resource allocation decisions early during the development
process. That is, armed with an early assessment of product architecture, managers can compare
and select from alternative architectures and gain insights into the appropriate level of effort that
must be invested in various modules and their dependencies in order to maximize product
performance.

The model extends prior PD models in general, and resource allocation models in
particular, in two ways. First, we address the problem of improving product performance subject
to an imposed architecture. By explicitly accounting for architecture, the model facilitates a
better representation of PD practices where the team is not only challenged with the task of
component engineering (i.e., improving module performance), but also systems engineering (i.e.,
explicitly addressing dependencies with other modules). A second contribution of the paper is the
explicit segregation of PD investment effort into module and design rules. While investment in
modules improves module performance, investment in design rules increases modularity of the
product architecture.

The model yields three main results. First, we present a novel optimization model of how
product architecture can be impacted by development efforts to explore performance evolution.
The model and its analysis provide managers with a guide to the conscience assessment and
comparison of alternative product architectures for architecture selection and redesign; and
additionally, a tool to allocate scarce development resources optimally. Second, we explicitly

address investments in dependencies between modules to reduce them (i.e., establishment of

4



design rules), improving modularity; highlighting the influence of architectural dependencies on
product performance. Finally, the model allowed us to test three hypotheses relating system
architecture to investment (i.e., resource allocation) decisions and product performance.

In the next section, we introduce and discuss these three hypotheses. In order to
investigate these hypotheses, we first develop in Section 4 a mathematical optimization model
that uses product architecture to optimize the allocation of development budget to various
modules and design rules. Then, in Section 5, we build a full factorial experiment using various
architectural patterns that characterize product architectures. We apply the optimization model to
these various product architectures and perform statistical analysis on the results. Section 5 also
includes a discussion of these results and their managerial implications. In Section 6 we describe
a subjective assessment of the various input parameters for the proposed optimization model, and
a validation case study. Finally, the summary and conclusion are presented in Section 7.

2. SETTING OF HYPOTHESES

The ultimate objective of this paper is to build a foundation for a formal theory that maps
product architecture to PD investment decisions and to product performance, as well, as
envisioned in Figure 1. Figure 1(a) shows a product system represented by its Design Structure
Matrix (DSM).> The PD investments can be placed on individual modules (represented by the
diagonal DSM elements) and on design rules (represented by the off-diagonal DSM elements)
that govern the relationships between these modules. In line with the literature (e.g., Cohen et al.,
1996; Joglekar et al., 200; Kamrad et al., 2013), investments in individual modules result in
performance improvement for the concerned modules. On the other hand, investments in design
rules (i.e. between two modules) result in an improved understanding of the relationship between
these modules which lead to the elimination of these dependencies or a reduction in their

strength (Baldwin and Clark, 2000; Martin and Ishii, 2002).

> A DSM model displays the architecture of a complex system (or project) as a square matrix with n rows and
columns (representing components of a system or tasks of a project), and m off-diagonal elements (representing
dependencies between components or predecessor relationships between tasks) (Eppinger and Browning, 2012). It
enables the user to model, visualize, and analyze the dependencies among the entities of any system and derive
suggestions for its improvement or synthesis (Yassine and Braha, 2003; Sharman and Yassine, 2004).
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Figure 1: Investment decisions and its relationship to integral-modular dynamics

Many researchers have linked system performance to architecture (e.g., Henderson and
Clark, 1990; Rivkin and Siggelkow, 2007; Braha and Bar-Yam, 2007; Gokpinar et al., 2010;
Sosa et al., 2011; Cataldo and Ehrlich, 2012), but only few (e.g., Ethiraj, 2007; Ethiraj and
Posen, 2013) have done so through R&D investments. Ethiraj (2007) argued that the interactions
between components in a product system create constraint components that condition the R&D
investments. He defined a constraint component as the one that holds other components from
achieving their full performance potential. These constraint components act as performance
bottlenecks and dictate the allocation of inventive efforts. Dong and Sarkar (2015) claimed that
the endogenous progress potential of a product system is based on the complexity of its
knowledge structure, which is represented by the knowledge associated with the product's
modules and their dependency structure. Thus, the extent to which a product responds to
investment and improves is a direct function of its architecture. Grounded in these observations,
we postulate the following hypothesis regarding the relationship between the product

architecture and performance through allocation decisions.

Hypothesis 1: The product architecture (varied by holding number of dependencies fixed but
changing their locations within a DSM model) affects resource allocation decisions and
ultimately product (or system) performance.

A substantial amount of recent literature suggests that many products are becoming more

modular over time (Schilling, 2000; Christensen et al., 2002; Fixson and Park, 2008). Fine and




Whitney (1999) introduced an intriguing theory that explains the integral-modular dynamics in a
system. They explained that with an industry exhibiting a vertical structure and with an inte-
grated product system, a number of forces® push toward a loss of the established position and
possible disintegration of the product architecture and industry structure. On the other hand, with
a modular product (and horizontal industry structure), numerous other forces’ push toward the

integration of product architecture and industry structure.

The development of a complex system starts with an integrated architecture to
accomplish a specific functionality (Langlois and Robertson, 1992; Grove, 1996); however,
demand for variability might induce the organization to offer the system with a few different
product configurations (Schilling, 2000). As this process unravels, the organization’s
understanding of the complex system matures with time (specifically how the various pieces and
modules interact and affect each other) and the architecture of the system evolves in the direction
of modularity facilitating the isolation of some modules that can be developed faster and/or
better independent of the rest of the system; thus, improving the overall functionality or
performance of the system.? Eventually the system becomes extremely modular and performance
improvement returns to expended efforts exhibit dimensioning returns. At this point architectural
innovation kicks in favoring a return to a different integral architecture and the cycle repeats
(Fine and Whitney, 1999). More recently, Luo, (2015) and Frenken and Mendritzki (2012)
presented NK-models supporting the hypothesis of modularity as a mechanism to increase the
speed of performance evolution; claiming that modular product architecture promotes
performance evolution, whereas integral product architecture limits performance evolution.

These arguments lead to the hypothesized evolution of product performance and

architecture as investments are made multiple times and over several generations, as shown in

¢ Competition, task complexity, and organizational rigidities that set in once a firm has an established market
position.

7 Technical advances, market power in one or more module suppliers, and potential profitability from integrating into
a proprietary system offering.

® This is exactly what Baldwin and Clark (2000) call the “Splitting” operator of modular design to increase the
option value of a system.



Figure 1(b).° In the beginning, the product exhibits an integral architecture (represented by a
solid ellipse in Figure 1(b)). As PD investments are made, the architecture of this system evolves
in the direction of modularity to allow for the isolation of some modules. This process continues
until a highly modular architecture emerges (represented by an ellipse with small circles inside
it). Beyond this point organizations cannot attain further performance improvement without
going to a new S-curve (i.e., architectural innovation as discussed in Henderson and Clark
(1990)). Therefore, this discussion leads us to the second hypothesis regarding the speed of

improvement between modular versus integral product systems.

Hypothesis 2: Holding number of dependencies fixed but changing their locations within
DSM, modular architectures can attain higher performance levels compared to integral
architectures.

Although the discussion for Hypothesis 2, above, argues for a shift from integral to more
modular architecture as the product evolves, existing literature is scarce regarding how does this
shift occurs. The DSM literature treats the dependency values as time invariant; for example, the
time (and cost) of iterative activities are reduced using impact and learning multipliers and not
through reducing the dependency values as iterations unravel (Eppinger and Browning, 2012).
As an exception, Martin and Ishii (2002) described a method to decouple (i.e., modify) a product
architecture so that future generations of the product would require less design effort. The
method is based on calculating a generational variety index (GVI) and a coupling index (CI).
While the GVI indicated the amount of redesign effort needed for each module to meet future
changes, the CI indicated the amount of redesign effort needed for the corresponding dependent
modules. Based on these indices, they were able to prioritize interface standardization and
modularization efforts. However, this process occurs only once at the outset of the PD process
and cannot be repeated. It would be interesting to allow this process to evolve dynamically over
multiple generations of the product and observe the sequence of module design and

modularization effort.

 The S-curve shown in Figure 1(b) is a widely used tool for thinking about technological innovation and evolution
(see, for example, Foster (1986) and Anderson and Tushman (1990)).



Along similar lines, Fixson and Park (2008) developed a product architecture
measurement based on interface irreversibility which measures the effort required to disconnect a
module’s interface, and interface standardization measuring the degree of compatibility between
modules. Based on these measures, they conducted a longitudinal study of the bicycle industry
from 1980 to 1990 and showed that these metrics have changed over time as the bicycle
architecture evolved. Finally, Ethiraj and Posen (2013) have traced the constraint components in
Personal Computers from 1981 to 1998 and have reported shifts in the allocation of inventive
effort in various modules over time caused by temporal dependency changes in the product
architecture.

This discussion allows us to further hypothesize that if we were to plot the corresponding
budget fractions spent on modules and on design rules along a generational timeline, we expect
to see the trends shown in Figure 1(c). That is, the proportion of the budget spent on design rules
decreases (as our understanding of the system matures with time), and this is accompanied with
an increase in the fraction invested in modules as time (and budget) progresses. This scenario is
in line with the typical systems engineering practice of attending to module dependencies first
before proceeding to detailed design (i.e., working on modules). Hence, we formulate the final

hypothesis as follows.

Hypothesis 3: For the same product architecture, there is a shift in the temporal allocation of
resources from design rules to individual modules; thus, supporting the move from integral to
modular architectures as the product evolves (across multiple generations).

3. LITERATURE REVIEW

The topic of this paper is at the intersection of several research streams from product
development and modularity literature, to network analysis techniques and complexity theory.
This section discusses these streams of literature as they relate to the proposed model.

2.1 Product Development (PD) Literature

Mathematical optimization models in the PD literature mostly focus on the timing, cost, and

execution sequence of the various development activities (Krishnan and Ulrich, 2001; Browning



and Ramasesh, 2007). Other models discuss product architecture from the viewpoint of family
planning, platforming decisions, design for variety, customization, change propagation, and
evolvability (e.g., Martin and Ishii, 2002; Simpson, 2004; Clarkson, 2004; Zacharias and
Yassine, 2008; Luo, 2015). Few of these models discuss resource allocation decisions within a
PD context (Cooper and Kleinschmidt, 1988; Kavadias and Chao, 2008); however, they do not
consider explicitly the impact of architecture on resource allocation decisions and ultimately
performance.

Few exceptions in the PD literature relate product architecture to some measure of
product performance. For example, Cohen et al. (1996) examine the tradeoff between product
performance and profit as a function of a fixed sales window where more time spent on
improving product development performance results in lost sales due to fixed sales window.
Alternatively, if the product is released prematurely, then profit is lost due to unsatisfied
customers. The model yields an optimal development time that maximizes profit.

Joglekar et al. (2001) investigate a PD process consisting of two design activities and also
assume a simple production function for generating performance: the more time spent working
on a task, the higher the level of performance that can be achieved. Their model tracks the degree
to which each task adds to the overall performance in response to the effort devoted to it. They
assume that each task contributes to the overall system performance at a different rate and at the
same time deteriorates the performance of the other coupled tasks by generating rework, and thus
requiring extra effort for coordination. Based on the degree of coupling or dependency between
the two activities, they determine the optimal execution strategy (i.e., sequential, parallel, or
overlapped) that will maximize the overall product performance.

Mihm et al. (2003) address a complex product development project composed of many
inter-related modules where each engineer is responsible for designing a certain module by
taking into consideration the status of other modules that are present in the PD project.
Accordingly, an overall system performance was defined as the sum of the performances of the

individual modules. The performance of any module depends on its own design decision and on
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the design decisions of all other modules that influence it. As a result, they have found that the
design project becomes more difficult to converge to a solution as the number of interacting
modules increases, and thus suggested modularization to remedy this situation.

Ulku and Schmidt (2011) developed a mathematical model to optimize the product per-
formance as a function of its architecture and the quality (i.e. performance) of its modules. The
functional form that they use for performance is increasing in module quality and decreasing in
the level of product modularity. Then, the product performance was mapped to market share.
They found that modular architectures are more likely in supply chain network when adversarial
relationships exist. On the contrary, long term trust-based relationships incubate integral product
architectures. Despite their contribution, they failed to provide a comprehensive analysis for
practical situations that involve more than two subsystems or modules; a situation which we ad-
dress in this paper.

2.2 Network Analysis Literature

In the network (or graph) theory literature, we can also trace many efforts for characterizing and
linking the network structure to system behavior; asserting the advantages and disadvantages of
possessing a specific structure (e.g., Watts, 1999; Strogatz, 2001). Issues of robustness to random
failure of nodes and even quality and development speed as a function of network architecture
were also studied (Braha and Bar-Yam, 2007; Gokpinar et al., 2010; Sosa et al., 2011; Cataldo
and Ehrlich, 2012).

Several researchers have applied network analysis to analyze the statistical properties of
large engineering projects that are represented as networks (e.g., Fuge et al., 2014; Braha and
Bar-Yam, 2004). An important aspect of using network analysis is defining the nodes and the
connecting links. The nodes may represent people, tasks, or function calls, which communicate
via links representing engineering change orders, parameters, specifications, or signals. Once the
nodes and links have been defined, several graph properties may be calculated including both
global (i.e., whole network) and local (i.e., node-centric) measures. These measures are

ultimately used to explain and perhaps predict the behavior of these network systems. A full
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summary of these measures is beyond the scope of the paper, but interested readers are directed
to Wasserman and Faust (1994) and Newman (2010).

The study of such engineering networks has led to many interesting results. Most notably,
Braha and Bar-Yam (2007) have shown that the underlying network structural properties provide
key information about the characteristics of error and defect propagation, both whether and how
rapidly it occurs. These architectural properties have implications for the functional utility of
engineering systems including sensitivity and robustness (i.e., error tolerance) properties. In
particular, in the context of resource allocation in complex engineering networks, remarkable
improvement in the performance of engineering systems can be achieved by focusing
engineering and management efforts and investments on central information-consuming and
information generating nodes and their couplings with neighboring nodes.

Metrics that capture architectural properties can be derived from network analysis. One
such metric relates to the position of a module within the overall product architecture. Network
theory refers to this measure as the ‘degree’ of a node in a network (Wasserman and Faust,
1994). Sosa et al. (2007) adopted this approach in defining modularity of a complex product and
defined modularity, from the perspective of a component and not the system, by looking at the
lack of interfaces or connectivity among the components. These connections represent design
dependencies and the degree measure represents how components share direct interfaces with
adjacent components. Hence, a component is considered more modular if it is more independent
as indicated by its number of connections or its disconnectedness. Conversely, the more
connected or dependent a component is with other components, the less modular it is.

As a follow up, Sosa et al. (2011) examined how the presence of highly connected nodes
(called hubs) relates to a system’s quality. They provide empirical evidence that the presence of
hubs in a system’s architecture is associated with a low number of defects. Furthermore, they
showed that complex engineered systems may have an optimal fraction of hub components with
respect to system quality. A recent paper by Sosa et al. (2013) looked at the relationship between

architecture and quality in a product network by defining a “cyclicality” measure, which relates
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to the amount of coupling between modules. They defined cyclicality as the extent to which a
component depends on itself via other product components. They found that components
involved in cycles were significantly more likely to contain bugs (i.e. lower quality).

2.3 Complex Systems Literature

Studies of complex adaptive systems, set initially in the physical and biological sciences, have
made the transition to management science. The NK model (Kauffman, 1993) has become a
popular platform for studying organizations as complex adaptive systems (e.g., Ethiraj and
Levinthal 2004). Modeling efforts using the NK model assumed that interactions among
decisions are random and they have overlooked the pattern of interaction among these decisions.

Rivkin and Siggelkow (2007) investigated the impact of organizational structure, as
reflected in the interactions among decisions, on the level of exploration necessary to discover a
good configuration of decisions. The results showed that fixing the total number of interactions
among decisions, a shift in the pattern of interaction can significantly alter the shape of the
performance landscape of the organization. Ten different DSM patterns were simulated using an
NK model and the results showed that some DSM patterns can have different performance
landscapes although the total number of interactions was kept fixed.

Luo (2015) proposes a simulation-based method to assess the effect of product
architecture on product evolvability by analyzing a design structure matrix using an NK model.
He defined product evolvability as the ability of the product’s design to successively generate
performance-improving variants. Through his simulation results for the NK model on various
DSM architectures, he showed that there is negative impact component interaction density on
product evolvability, supporting the claim that modular product architecture promotes product
evolution, whereas integral product architecture limits product evolution. Similar approaches and
observations were noted in simulations of the NK model by other authors (e.g., McNerney et al.,
2011; Frenken and Mendritzki, 2012).

All of the above NK-based models have used a random fitness function to capture

component performance contribution. Alternatively, in this paper, we use a more sensible
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performance contribution function based on optimized effort-driven production functions, which
clearly present an improvement existing NK-based models of module and system performance;
particularly used for product development.

4. THE PROPOSED MODEL

In this section we present a mathematical programing formulation for the optimal investment
decisions in PD. As discussed in Mihm et al. (2003) and Rivkin and Siggelkow (2007), for
example, the overall product (or system) performance can be described as the total performance
of the individual modules. Furthermore, the performance of each individual module is dependent
on the amount of resources invested in that particular module (Dutton and Thomas, 1984).
However, as discussed in Allada and Lan (2002) and Martin and Ishii (2002), the
interdependencies among the different modules require that any investment made in one
particular module to be accompanied by additional investments in dependent modules in order to
ensure their compatibility with each other. We assume that the interdependency can be reduced
by investing in the design rules (defining the connections or relationships between these
modules); thus, reducing the level of interdependency among the modules." Hence, the problem
is stated as finding the optimal investment amounts that should be made in each of the individual
modules and in the design rules in order to maximize the overall product performance. The
following decision variables are then used to model the problem: i is the amount invested in
module i, and Biis the amount invested in the design rules for the connection between module i
and module j. The overall system performance P is then expressed as the sum of the individual

performance of the N modules such that:

where p; (1 <i < N) is the performance of module i that is an increasing function of the total
investment in module i. That is, the more investment is spent on a module, the higher the level of

performance that can be achieved (Cohen et al., 1996; Joglekar et al., 2001; Kamrad et al., 2013).

1 For example, communication reduces the negative effect of rework at the expense of communication time (Loch
and Terwiesch, 1998).
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Furthermore, since in an integrated system modules impact each other, we assume that investing
in a module also affects (i.e. either improves or deteriorates) the performance of other dependent
modules (McNerney et al., 2011; Luo, 2015). However, the performance, p;, cannot be negative
because we can always choose to keep the current design of module i and only incur a
compatibility cost as discussed next." Hence, the performance of each module is an increasing
function of investments in the module itself and in other dependent modules; thus, performance
of module i, Pi a ], is a function of @ which is the investment vector (¥1>--+->@~) in all modules.
In addition to the amount invested to improve the performance, additional investments
are required to insure compatibility among the modules. The investment that is due to

lij, is a function L (al,Hu) that is increasing in %i and decreasing in 0y, Thus, for

compatibility,
two dependent modules (say module j depends on i), investing i in a module i necessitates an
additional investment in module j that is proportional to %i. Furthermore, the additional
investment Li (“z‘ ) Gij) can be reduced by investing 0y in the design rules between modules i and j.
It is noteworthy that in our model we only consider direct compatibility costs and ignore indirect
ones.” Finally, a maximum investment budget B is considered to be available throughout the

development process which is normalized to 1. The investment decision problem has the

following general form:

maxPu:&ZN:pi(ai,( )is.t. Z“"‘Z Z 0, i i 1,<B,(3)

i=1 i=1 j=1;j>i i=1 j=1;j#i

l;= (a@)()

J2 7y

a,,0,,1.>0v(i,j|.(5)

iPVijrtij =

l

The auxiliary variable 'ii denotes the investment needed by module i to insure compatibility

with module j after 9jis invested in module j. It is worth noting that a set of performance ceiling

ceiling

constraints (of the form plal<p; ) can be added to this base optimization model.

1 This is a reasonable assumption which is similar to Baldwin and Clark’s (2000), where a truncated Normal
distribution is used for module performance.

2 For instance, in an architecture where module A impacts B and module B impacts C, investing in module A alone
will result in compatibility cost incurred for module B only, and not C.
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4.1 The Stylized Model

In this section, we consider functional forms for pilal and Lij(aj,eij) and present a stylized
model based on (2)-(5). Particularly, the performance function Pi(“)of each module i follows a
production function that is increasing in terms of the resource®i (Cohen et al., 1996; Joglekar et

al., 2001; Kamrad et al., 2013). The slope of the production function is also a function of the

resources Yjthat are invested in other modules. pilal is then of the following form:

pi[a]:mﬁzx 0, Cﬁi C,fa;|a;l.(6]
j=1
=i

The module performance is zero when we have zero investment in the module and C; is a
measure of complexity for module i. C; is hence a proxy for the design complexity (or module
size as in Baldwin and Clark (2000)) of each of the modules where a simple module (i.e. small C;
value) will have a small impact on the overall system performance while a complex module (i.e.
large C; value) has a larger impact. It is assumed that each module has its specific C; which is
known in advance.

The factor f;; represents the strength of dependency among modules i and j, where -1 < f;;
< 1. We note that if [4=0> then module i is independent from module j and hence investments
in modules j (j # i) will have no impact on module i. In the cases wherel >0, investments in
modules j increase the slope of the performance function of module i thus increasing the
performance of i (i.e., synergistic or performance-enhancing dependency). Finally, when f; < 0,
investments in module j decrease the slope of the performance function of module i (i.e.,
damaging or performance-reducing dependency). Note that in order to capture the synergistic
effect of integrality between modules i and j, concurrent investment must be made in the
modules. Thus, the term €%} is multiplied by % in Equation (6).

In order to ensure compatibility after upgrades among the interconnected modules, an

investment in one module requires additional investments in the other dependent modules (that

' We assume a symmetrical reciprocal dependency structure; that is, f;; = f;.
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is, directly connected to it). The development manager can elect to invest in the design rules in
order to reduce or even eliminate the dependencies among the modules (Baldwin and Clark,
2000). Investing in the design rules reduces the amount that needs to be spent on dependent
modules. For instance in practice, an investment may be made in the connections between the
modules in order to make them more generic or standardized. The compatibility among the
interconnected modules is modeled as follows. An investment % in module i requires an
equivalent investment LU.(ai,Gij) to be made in each module j to insure j’s compatibility with

changes in i."* The following decreasing function Lij(al. 03] is considered:

C. .
Lij(a,.,e,.j):(Ej_ (|f,.j|e (ku)eij)aiv(i’j)"(ﬂ

0

where Yijis the amount invested in the design rules for the connection between modules i and j,

and k; > 0, reflects a design knowledge parameter that alters the sensitivity of the function
Lij(a,., 91’;‘) depending on the designer’s prior knowledge about the connection between modules i
and j (Dong and Sarkar, 2015). Note that the compatibility cost is incurred regardless of the sign
of fi;; thus, the absolute value used in equation (7).

Following equation (7), an investment & in module i, requires an additional proportional

. i
investment | '~ (

1

_(k(]')GU . . o1 e1e . .
f ij|e ) in module j to ensure compatibility of module j with the updated
C.
module i. We note the scaling factor '~ is included to account for the fact that the investment in
each module should be proportional to its complexity. Therefore, the total investment in module i

. . .. ope _(kv)gu
includes the amount % for updating module i in addition to an amount f ,.j|e ) for

every %; invested in the other modules (impacting module i) to ensure the compatibility of the

system. The investment decision problem is then formulated as follows:

4 A similar assumption was made in Smith and Eppinger (1997) and Yassine et al. (2003). In their DSM analysis,
they assumed that all tasks in the DSM proceed in parallel and iterate multiple times. At any iteration stage, one unit
of work by any task results in a fraction of rework for the other dependent tasks during the next iteration stage.
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C, _
=\l v i, ) (10)
a;,0;,1;=0v i, jl(11) The objective function (8) maximizes the total weighted

performance of all the modules." Constraint (9) is a budget constraint which limits the total
investments in the individual modules, the total investment in the design rules, in addition to the
investment that is required to ensure compatibility to a maximum budget B.'® Constraint (10)
insures the compatibility of the system by forcing an investment module i following an
investment in module j. Finally, note that since the objective function is increasing in & and all
the coefficients of ®in the budget constraint are non-negative, it can be easily verified that the
budget constraint is binding at optimality.
4.2 The Dynamic Model
The dynamic model simulates the product development decisions over several investment runs in
order to investigate if there is any trend (i.e., shift) in investment allocations between the design
rules and the modules. Thus, the dynamic model, which is used to study the second hypothesis, is
obtained by applying the static model (Equations 8 through 11) iteratively multiple times over
several product generations. Starting from an initial system containing modules and
dependencies, we solve the static problem n times where at each iteration 1 < t < n a new budget
B, is available for investment. Furthermore, in order to account for the updates that occurred in
the previous investment cycle, the system state at the start of each iteration t is updated to include
the values of the design rules that resulted from the investments in period t-1. In other words, the
values of f; at period t are updated to include the investment 05 that occurred at iteration (t-1).

1 \nt-1
t—1 _“ku“eu )

. . t__
Therefore, the new values of f; in period t are set as f ij_(f ij . We also assume that the

> Note that the objective function is a convex function. However, since we are maximizing, then the problem is a
non-convex optimization problem.
6 Constraint (9) is neither convex nor concave.
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performance from one investment cycle to the next is additive: P r:; P;_ For example, assume
that budget B, (in iteration 1) resulted in a total product performance of P; when the optimization
problem is solved the first time. Then, in iteration 2, we use a new budget B, and solve the
optimization problem again (using updated f; values). The new total performance P, in the
second iteration is achieved on top of P, and thus the cumulative performance by the end of
iteration 2 is P; + P».

5. EXPERIMENTAL SETUP, ANALYSIS AND RESULTS

To test the three hypotheses that were outlined in Section 2, we applied the proposed
optimization model on a controlled set of product architectures. In this set, we have produced
product DSMs of sizes 12 and 16 elements (i.e. modules) in order to detect any statistical
differences due to problem size. Furthermore, we controlled the total number of dependencies
within each DSM by holding fixed the number of allowed interactions per DSM element.
According to the NK model, the number of dependencies is equal to N x K. We have used N =
12 and 16 as two levels for factor N, and K = 1, 2 and 3 as three levels for factor K. Our choice
for the three levels for K is supported by ample evidence from the literature."”

In many real-world settings DSM interdependencies are patterned (i.e. have a particular
architecture) rather than random (Rivkin and Siggelkow, 2007). So, we have embedded different
architectural patterns into the various DSM experiments; mostly the relevant DSM
configurations presented in Rivkin and Siggelkow (2007). Thus, a third factor in our
experimental design is called architecture and is set to eight levels as follows: Random
(Benchmark), Diagonal (Sequential Engineering), Block Diagonal (Modular), Local (Sequential
Engineering with Limited Concurrency), Hierarchical (Concurrent Engineering with Global
Design Rules), and Dependent (Platform), Small World (Integrated), and Scale Free (Integrated).

Next, we provide details on the reasons behind our choice of each of these eight DSM

17 Several researchers have investigated the average number of links per node in a product DSM (i.e., a DSM where
the nodes are physical components or product modules) and they all reported an average nodal degree between two
and three (Van Wie et al., 2001; Greer, 2002; Whitney, 2005; Rivkin and Siggelkow 2007; Whitney, 2008).
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architectures and their suitability in representing PD networks in our experimental design. Figure

2 shows the eight product architectures for N = 12 and K = 2.

4[5]6]7[8]9]10[11]12 819110

XX X[ X]|X|X

XXX XXX [x|x[x[>x|x

XXX XX > |x x>

x [ x| xIx[x]x x |

(e) Hierarchical (f) Dependent (g) Small World (h) Scale Free

Figure 2: The eight different DSM architectures. All with the same number of total interactions: N = 12 and K
= 2; NK = 24 total module interactions (Adapted from Rivkin and Siggelkow (2007))

We define the random architecture by placing exactly K dependencies (i.e. marks in the
DSM) randomly along the off-diagonal positions for each DSM row (see Figure 2a). Although
this DSM configuration is a popular setup in the organization literature (Rivkin, 2000), we
merely used it in our analysis as a benchmark for comparison to other more realistic product
architectures.

We start discussing product architectures that are grounded in the product development
and DSM literature (Yassine and Braha, 2003). For instance, both the diagonal and the block
diagonal architectures are a direct result of two popular DSM analysis techniques: partitioning
and clustering (Yassine et al, 1999; Yassine et al., 2007). Partitioning algorithms convert any
DSM into a lower triangular form, where design decisions are ordered in such a way that highly
influential modules are designed first followed by the less influential modules (Meier et al.,
2007). In this hierarchy, a module cannot affect other modules above it in the sorting hierarchy.
Diagonal DSMs represents a sequential engineering approach which is a popular development

strategy in many organizations. To generate a diagonal DSM, marks are added randomly below
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the diagonal until the total number of required or set dependencies is reached (see Figure 2b).
While the objective of DSM partitioning is to obtain a lower triangular DSM, clustering
algorithms strive to convert a DSM into a block diagonal form. Block diagonal DSMs (Figure
2c) represent a modular architecture where interactions are confined to groups of modules and no
interactions are allowed between these groups (Yu et al., 2007). This architecture represents a
practical modular design for many product systems (Baldwin and Clark; 2000).

The local architecture is formed by allowing each DSM element to be affected by exactly
K neighboring nodes on either side of it (see Figure 2d). The local architecture is a reasonable
choice for many product systems that follow a sequential engineering approach with limited
concurrency, where design decisions made for one module constrain the design decisions for the
next module and design iterations are confined to a small set of neighboring modules.

The hierarchical architecture is a special case of the diagonal architecture, which assumes
that design decisions are ordered in such a way that highly influential modules affect all other
modules below them in the hierarchy. Baldwin and Clark (2000) refer to this type of DSM archi -
tecture when discussing concurrent development using system-wide or global design rules. These
are the modules that impose rules on all other modules in the system and are placed at the top of
the design hierarchy. Hierarchical DSMs are created by adding dependency marks below the di-
agonal, starting with the first column, then in the second column, and so on until the required
number of dependencies is reached (see Figure 2e).

The dependent architecture captures the platform strategy adopted by many firms to cre-
ate product variety and derivatives (Simpson, 2004; Zacharias and Yassine, 2008). This architec-
ture is characterized by the existence of platform modules; sometimes called “bus” modules
(Sharman and Yassine, 2003). Bus modules have relations with all other peripheral modules and
constitute the heart of the product architecture. Product variety and derivatives are created by re-
placing or altering any of the peripheral modules. We construct such a matrix by adding depen-
dency marks starting with the last row, then in the second-to-last row, and so on until the re-

quired number of dependencies is reached (see Figure 2f).
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So far we have utilized various product architectures discussed in the DSM literature.
However, the next two architectures are adopted from the complex network literature which we
think have theoretical support to be representative of product architectures. The small world
architecture is formed by starting with a local architecture and then each off-diagonal
dependency mark is exchanged with a randomly chosen location in the same row with a
probability p, where 0 < p < 1 (see Figure 2g). The small world architecture is a reasonable
architecture for product systems as most module dependencies are local but few dependencies
exist between distant modules. Many real world complex systems have been shown to be small
world networks (see, for example, Braha and Bar-Yam (2007)).

Dynamic growth and preferential attachment supports the formation of scale free net-
works in PD environments (Valverde et al., 2002; Barabasi et al., 2000). Preferential attachment
assumes that a network is evolving by the constant addition of new nodes over time. Given that a
new node appears, and assuming that it has one link to attach to another node, it will link to older
nodes with higher probability than to recently added nodes. Therefore, as the network grows,
hubs will be created and will dominate the network’s connectivity over time. Preferential attach-
ment may explain the scale free nature of PD projects if we envision a project starting initially
with a handful of modules (e.g. core modules) and as the product design evolves, more modules
are added to the product. However, the core modules are likely to affect new modules since they
may set or constrain the product requirements. To generate the scale free DSM architecture (see
Figure 2h), we follow the steps suggested by Barabasi and Albert (1999). Their algorithm simply
captures a “rich-get-richer” dynamic where modules that already have many dependencies are
more likely to attract new dependencies than modules with fewer dependencies. We refer to both
the small world and the scale free architectures as integrated architectures as no modular patterns
can be readily apparent in their dependency structure.

Additionally, for each of the 48 different combinations of architecture, N, and K, we have
generated 50 sample problems using randomly generated f; values (resulting in a total of 2400

problems). The f; values were sampled from a Uniform distribution between -1 and 1. In all the
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2400 problems, the budget was set to 1, k; =50 and c; = 100. Finally, we have solved all the 2400
problems optimally (using the model of Section 3) and noted four outputs: total performance,
total investment in modules, total investment in design rules, and total compatibility
investment.'® Various statistical analyses on the obtained optimization results were performed
and are discussed next.

5.1 Analysis and Discussion of the Static Model

We start first by performing an ANOVA (analysis of variance) on the three main factors: N, K,
and Architecture and their 2-way interactions. We have used three different response variables:
total performance (or simply performance), total investment in modules (referred to as
Alpha_tot), and total investment in design rules (referred to as Theta_tot). The results show no
statistical difference (at 99% confidence) between the different N levels, so our results are insen-
sitive to the choice of N. However, the analysis shows a statistical difference between the various
levels of K and Architecture. Additionally, the analysis also shows statistically significant 2-way
interactions between N and Architecture and between K and Architecture.

The results for the solutions of the 2400 DSM problems sorted by N, K and Architecture
are shown in Figure 3. The figure provides an overview of the results using ANOM (one-way
analysis of means) for all experiments (averaging over all factors and assuming a 99% confi-
dence level). It is evident from this figure that there are significant variations (between experi-

mental configurations) in mean and variance of performance and budget breakdown

18 YALMIP is used to formulate the non-linear optimization problem (http://users.isy.liu.se/johanl/yalmip/). To solve
the non-linear and non-convex problem, bmibnb with fmincon solver which is part of the Matlab optimization
toolbox is used. The bmibnb solver is a global solver for non-convex problems that implements a branch-and-bound
approach and uses linear programming relaxations and convex envelope approximations to ensure global optimality.
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between modules and design rules. We also note an overall decreasing trend in performance as K
increases, in agreement with Luo’s (2015) simulations. This is accompanied with a decrease in
module investments and an increase in design rules investments. To hone down on these observa-
tions, we lumped the data into different groups (N and K) and performed ANOM on them. The
results are shown in Figure 4.

The ANOM plots in Figure 4 also reiterate the ANOVA results regarding the insignificant
interaction between N and K considering all three response variables of performance, module,
and design rules investments. Also, this figure shows that an increase in the total number of DSM
interactions results in a statistically significant reduction in total product performance (Figure 4a)
and in total investment in modules (Figure 4b), while it results in an increase in investment in de-
sign rules (Figure 4c) and in compatibility cost (Figure 4d).

Similar ANOM plots can be obtained for Architecture and N taken together and for Ar-
chitecture and K together, as shown in Figure 5. Figure 5a shows a change in behavior for small
world networks between N = 12 and 16. Figure 5b shows a more significant change in perfor-
mance amongst the various architectures as K is increased from 1 to 3, which is indicative of the
statistically significant interaction between Architecture and K, as indicated in the ANOVA anal -
ysis above. The block-diagonal and dependent architectures perform exceptionally well at low K
but are outperformed by the diagonal architecture at high K.

These results show that the block diagonal and dependent architectures are best for
products with small number of dependencies among modules (i.e., low K values). As for the
block diagonal, small blocks around the diagonal are better than large blocks. As for the
dependent architecture, platforms made up of few modules are also preferred to platforms
composed of large number of modules. As the number of dependencies among modules increase,
it is better to organize the modules around a dependent architecture, where design decisions are

made sequentially.
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5.2 Investigation of the Proposed Hypotheses 1 and 2

>
B

In this section we investigate Hypotheses 1 and 2 posed earlier in the paper. To do so, we group

the data around architecture only and perform an ANOM as shown in Figure 6. The figure shows
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the results for the solutions of the 2400 DSM problems sorted by product architecture (averaging

over all factors and assuming a 99% confidence level). It clearly confirms that architecture af-

fects resource allocation which in turn affects performance (Hypothesis 1). It also shows signifi-

cant differences in system performance between the different architectures, confirming our hy-

pothesis that system performance is indeed affected by architectural choice. Additionally this fig-

ure shows that some product architectures provide higher performance although exhibit larger

variability in performance too. Alternatively, we note that although the performance of Group 3

architectures is lowest, its performance variance is the smallest amongst all groups.
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Figure 6: ANOM (99% confidence intervals) for 8 different DSM architectures

Inspecting the constituent architectures of Group 1, in Figure 6a, shows that modular ar-

chitectures (represented by block-diagonal, dependent, and local) achieved higher performance

than integrated architectures as represented by Group 2 architectures (composed of random,

small world and scale free). This confirms Hypothesis 2 that modular architectures facilitate a
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faster increase in performance as compared to integrated ones, in agreement with the literature
(Frenken and Mendritzki (2012).

It is also interesting to compare the performance level of the eight architectures (i.e., Fig-
ure 6a) with the investment profiles in modules (and in design rules) as shown in Figure 6b (and
in Figure 6¢). This comparison shows that although Group 1 architectures have a statistically
higher performance than Group 2, their total investments in modules are statistically lower than
Group 2 (diagonal architecture is an exception); however, larger investments are made in design
rules (compared to Group 2). Alternatively, Group 3 which has the lowest performance also has
the highest investment in modules (Figure 6b) and the lowest investment in design rules (Figure
60).

The results in Figure 6¢ highlight the importance of investing in design rules regardless
of the type of product architecture. Five to ten percent of the budget must always be assigned to
design rules in order to understand the dynamics that govern relationships between modules.
Managers are normally aware of investments in various product modules but for the first time we
show that an equally important decision regarding investment in design rules is to be made.

5.3 Analysis and Discussion of the Dynamic Model (Hypothesis 3)

In the dynamic model, we perform the iterative procedure described earlier in Section 3.2. We
consider a product network of six modules where all the modules are connected to each other.
Then, we ran the static model for n = 6 iterations, where B, = 1 in very iteration. We assume that
all modules have identical complexity values (i.e., C; = 100 and k; = 50) and the f;; values were
sampled from a Uniform distribution between -1 and 1, which resulted in 300 different problems.
The results are summarized in Figure 7. As expected, the plots in Figure 7 show that the
investment in the modules increases while the investment in the design rules decreases to zero
(hypothesis 3). Note that we also performed the same procedure on product networks of size

eight and ten modules and noted the same behavior depicted in Figure 7.
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Figure 7: Performance evolution and proportion of budget spent on modules and design rules (using average
values for the output of the 100 problems)

As seen in Figure 7, at some point in future time (6 generations in this particular
example), organizations cannot attain further performance improvement without going to a new
architecture. This represents an intriguing approach to model technological and product
evolution and particularly the need for and impact of architectural innovation using our proposed
model (Henderson and Clark, 1990).

Finally, when inspecting the optimal solution structure of the dynamic investment model,
we observed that the budget was spent on a particular module and all dependencies emanating
from it. As the budget was incremented form one generation to the next, this process continued in
the same manner until all modules and their associated dependencies were addressed. It is worth
noting that this investment strategy is akin of increasing the value of the system through the
splitting modularity operator proposed by Baldwin and Clark (2000), where the optimization
process is also splitting one module at a time (from the rest of the system) to speed-up
performance evolution.

6. ASSESSMENT OF MODEL PARAMETERS AND APPLICATION EXAMPLE
In this section we describe a subjective assessment procedure for the various input parameters of
the proposed model, and a validation case study. The case study involves a software product

upgrade project in a company that develops Enterprise Resource Planning (ERP) systems. An
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ERP system typically consists of multiple software modules that may be individually developed,
customized, and purchased to fit the specific needs of a business. The software upgrade is
supposed to improve various functionalities that belong to different software modules (but cover
all the modules). The planned improvements were selected from a long list of prioritized
functionalities, which are primarily based on internal stakeholders’ assessments (i.e., marketing
and customer service departments) and customer feedback.

Similar to the Wideband Delphi estimation method, our assessment proceeds in four
phases: Kick-off, individual estimation, paired estimation, and review / wrap-up (Stellman and
Greene, 2005). In the first phase, a one-hour kick-off meeting is conducted with the project team
leader to identify the various developers involved in the project and to get acquainted with the
technical details of the various modules. In the second phase, 30-minutes individual interviews
are conducted with the software developers in charge of the various modules to estimate module
complexity (¢;) and dependency values (f;)."” In the third, phase, one-hour paired interviews are
conducted for each non-zero f; identified in phase 2 in order to estimate the k; values. In the
fourth phase, a two-hour review and wrap-up meeting with the team leader and all developers
(already interviewed in phases 2 and 3) is conducted to go over the collected estimates and get
concurrence. During this phase discrepancies and disagreements may arise regarding any of the
estimates. To resolve such occurrences, a consensus based approach is utilized, where each
estimation round for the disputed parameter is followed by discussion (of assumptions and
rationale) until a consensus on its value by the developers is reached.

In the first phase, we met with the team leader who clarified that the software product under
investigation is composed of eight main modules each focusing one area of the business process.
The eight modules that are used in this study are:
- Human Resources Management System (HRMS): provides several human resources
capabilities that include payroll, benefits management, performance management,

recruitment, etc.

 One for each module in case more than one developer per module was identified.
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- Customer Relationship Management (CRM): manages all the information that is related
to engagements with customers.

- Sales are Receivables (SR): provides accounting capabilities to manage the sales and
receivables such as quotations, sales order, invoicing, etc.

- Purchase and Payables (PP): provides purchasing and vendor management capabilities
such as purchase transactions, compliance, approval systems, etc.

- Inventory and Warehousing (IW): provides capabilities for managing and tracking
finished products inventory, parts, tools, etc.

- Financials (F): manages all information related to financial data and generates reports
such as financial statements and balance sheets.

- Administration and User Configuration (AUC): used to manage and configure the ERP
system.

- Reporting and Analytics (RA): Generates out-of-the-box as well as customized reports to

and provides assessments of the key performance indicators.

After defining the main modules of the ERP system, in the second phase, we start
building the DSM. During the individual interviews, we first asked each developer about the
complexity of the module they are in charge of. There a number of metrics that are typically used
to assess the complexity of a software. Particularly, the developers of the ERP that we are
studying use the cyclomatic complexity metric (McCabe 1976) which measures the number of
linearly independent paths in the program’s source code. Each module is given a normalized
complexity score ranging from 0 to 100. The complexities that are used for the eight modules are
20, 50, 30, 30, 30, 50, 70, and 100 respectively. We also asked each developer about whether
their work is impacted or dependent on other modules and in what ways: positively as synergistic
to their work, or negatively as deteriorating for their work. Once we determined the sign for f;
the magnitude was also assessed as either Low (L) with a score of 0.2, Medium (M) with a score

of 0.5; or High (H) with a score of 0.7. The magnitude of each f; was decided by asking the
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developers of modules i and j about how likely they have to meet and coordinate when they are
updating one of the modules.

In the third phase, we conducted paired interviews between developers i and j to assess
the value of k;. During these paired interviews, we first shared the f;; value obtained from phase 2
interviews and inquired about the nature of this dependency. Both developers commented on the
nature of the dependency and provided an estimate of k;. We used a consensus based approach,
where each estimation round for k; was followed by discussion (of assumptions and rationale)
until a consensus (on the value of a particular k; value) between the two developers was reached.

Recall that the k; values represent the state or amount of prior knowledge that exists about
the relationship or dependency between two modules i and j. So, if there is already a substantial
amount of knowledge within the organization about the nature and magnitude (i.e., physics) of
this dependency, then a high value for k; is assigned. A high k; value means that a small
investment in the dependency between modules i and j can eliminate this dependency or
substantially reduce it. That is, if it is relatively simple to come up with a proper design rule
between modules i and j, then a high value for k; is assigned. We have found empirically
(through the previous simulation experiments) that a high (H) value for k; of 50 works well.
Similarly, when knowledge about the nature of dependency is scarce, a low (L) of 10 for k; is
assigned. A medium (M) value of 25 can also be assigned to k;. From our interviews, the
developers indicated that a substantial knowledge is typically developed between the modules
that have high dependency because the teams that are working on developing these modules
would often coordinate. On the other hand, a lower knowledge is reached between the modules
that have lower dependencies due to the lower frequency of coordination and knowledge sharing.
This is rather expected particularly for a software project has matured through a number of
development cycles. Therefore a k; = 10 is used between the modules with low dependency
while k; = 25 and k; = 50 are used between the modules with medium and high dependencies

respectively.
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In phase 4 review and wrap-up meeting, the gathered assessments were shared with the
whole development team using the schematic representation of the problem (modules and
dependency structure among them) as shown in Figure 8. In our case, we did not have to conduct
any additional assessments due to any disagreements between developers after reviewing all the

assessments presented to them.

100 M

M 100
M| M (100 M
6 M 100

(a) Network representation (b) DSM representation showing f;; (c) DSM representation showing c;
values values (along diagonal) and k;; values
(off-diagonal elements)

1
2
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Figure 8: Software upgrade project data

The problem (in Figure 8) was solved using our proposed optimization model and the
results were to invest in the reporting and analytics module as well as in the design rules between
the reporting and analytics module and each of the CRM, Sales and Receivables, Purchase &
Payables, Inventory and Warehousing, and the Financials modules (%s = 0-55, 0,.= 0.045,
01:3,4,5= 0.035, and 0.6= 0.045,). This recommendation was communicated to the project
manager in charge of the software development process and was found to largely agree with the
budget allocated by management. Particularly, the project manager revealed that the majority of
the recent ERP software updates have been driven by updates to the reporting and analytics
module. Investments in the other modules have been only made to accommodate the
requirements of the reporting and analytics module and are thus mainly investment for
compatibility. Furthermore, the project manager has been intrigued by the idea of investment in
the design rules to reduce compatibility investments and revealed that over the past, the team has

put little effort on upgrading the interfaces that integrate the various modules which resulted in

relatively high effort being put for managing the compatibility after the various module updates.
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Upon further discussion of the results with the project manager, we discovered that many of
these ‘design rules’ investments were made indirectly though formal coordination meetings that
were held periodically throughout the development process by the various module teams to work
out solutions to avert future design decisions conflicts. In addition, there were numerous
informal discussions among developers almost on daily basis. So, it is not very unusual to think
about these coordination meetings and discussions as design rules’ investments. The project
manager finally indicated that based on our analysis, they will explore formally investing in the
components that integrate the various modules to potentially reduce development time and

improve performance.

7. SUMMARY AND CONCLUSION

Senior managers, development managers, and project managers are sometimes forced to make
resource allocation decisions based primarily on intuition or heuristic rules; however, the model
in this paper and the resultant insights, provide a framework to follow when resource allocation
decisions in product development are required. For some time, the PD literature has recognized
the importance of architecture conceptually (for example, Simon (1965) and Ulrich (1995)
among others). Recently, others have empirically observed this too (for example, Gopinkar et al.
(2010) and Sosa et al. (2013) among others). However, few have built analytical and
mathematical optimization models to relate architecture to important managerial decisions such
as resource allocation. This paper is the first to suggest such a model.

This paper provides managers with a tool to allocate scarce development resources
optimally by introducing a mathematical model which maximizes total product performance
based on the product architecture. Such allocations can target both the modules themselves and
the design rules that dictate the dependency amongst these modules. Model analyses show that
development engineers and managers must understand the architecture of the product when
making design and resource allocation decisions. More importantly, design and managerial

guidelines that inform product development engineers and managers can result from the analysis
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of this model. Specifically, for development engineers, the model and its analysis provide the
ability to select the product architecture which leads to maximum performance. When
development managers have no control over architectural choice, the model help these managers
in deciding on the optimal budget proportions to be allocated to modules and to design rules,
given a fixed architecture and budget. Finally, our analyses highlight the importance of investing
in design rules regardless of the type of product architecture.

Several limitations of the proposed model can present fruitful avenues for future research.
For example, our model can benefit from empirical, real world design structures and applications
to validate the resultant investment profiles. One approach is to use the DSMs that have been
described in the literature (e.g., Eppinger and Browning, 2012) and solve their optimization
problems using the model proposed in this paper. By using one of the ‘modularity’ indices in the
literature one can then compare the performance for various DSMs that exhibit different levels of
modularity and the integral-modular dynamics as discussed earlier in this paper.

The shape of the production function can also be improved. In the current model, we
assume a linear production function (for module performance) whose slope is determined by the
level of investment in a particular module and also investments in all other modules that impact
it. If the performance return to module investment is nonlinear (e.g., S-curve type), then the
resulting optimization problem is not easily solved (Agrali and Geunes, 2009). However, this
may present a refinement to our proposed model.

Another limitation of the basic model proposed in this paper is its deterministic nature;
so, dynamic investment policies need to be considered in future work; especially, if the
performance is modeled stochastically. Then, the investment decisions are updated throughout
the development process. That is, in each period total performance should be optimized and
product development plan should be revised based on investments committed in the previous

period.
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	Several researchers have applied network analysis to analyze the statistical properties of large engineering projects that are represented as networks (e.g., Fuge et al., 2014; Braha and Bar-Yam, 2004). An important aspect of using network analysis is defining the nodes and the connecting links. The nodes may represent people, tasks, or function calls, which communicate via links representing engineering change orders, parameters, specifications, or signals. Once the nodes and links have been defined, several graph properties may be calculated including both global (i.e., whole network) and local (i.e., node-centric) measures. These measures are ultimately used to explain and perhaps predict the behavior of these network systems. A full summary of these measures is beyond the scope of the paper, but interested readers are directed to Wasserman and Faust (1994) and Newman (2010).
	The study of such engineering networks has led to many interesting results. Most notably, Braha and Bar-Yam (2007) have shown that the underlying network structural properties provide key information about the characteristics of error and defect propagation, both whether and how rapidly it occurs. These architectural properties have implications for the functional utility of engineering systems including sensitivity and robustness (i.e., error tolerance) properties. In particular, in the context of resource allocation in complex engineering networks, remarkable improvement in the performance of engineering systems can be achieved by focusing engineering and management efforts and investments on central information-consuming and information generating nodes and their couplings with neighboring nodes.
	The auxiliary variable denotes the investment needed by module i to insure compatibility with module j after is invested in module j. It is worth noting that a set of performance ceiling constraints (of the form ) can be added to this base optimization model.
	
	
	


