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ABSTRACT
More than 250,000 engineering products are released into the market each year. The
increasing quantity and diversity of products makes it difficult to efficiently explore the design
space for new product design concepts that may lead to increased profits for enterprises.
Currently, both manual and automated approaches have been proposed in the design community
to help address these challenges. However, these design methodologies explore design concepts
from the designers’ domain of expertise, hereby potentially omitting novel product attributes or
design solutions that may exist in other unrelated product domains.
In the context of engineering design, a next generation product incorporates significant
improvements in performance and design over the preceding generation’s product by changing or
adding new product attributes. This dissertation proposes Bisociative design, a design
methodology that seeks to automate the search and discovery of novel attributes that correlate
with product sales. Koestler defined the concept of Bisociation as “a synthesis of elements drawn
from two previously unrelated matrices of thought into a new matrix of meaning by way of a
process involving comparison.” The Bisociative design methodology proposed in this dissertation
quantifies analogies across multiple product attributes in order to provide designers with new
product attributes (i.e., elements) that have the potential to increase enterprise profits (i.e.,
synergies arising from a synthesis). This “new matrix” is analogous to the next generation
products that are launched into the market space.
In this dissertation, a product represents an artifact that is manufactured for sale. Using
this definition, a module, which is a subassembly of the artifact, can also be considered a product,
since it is also manufactured for sale. In the context of engineering design, a product is assumed
to be characterized by its form attribute and function attribute. The form attribute represents the
product’s shape, while the function attribute represents the product’s objective. The methodology
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presented in each chapter of this dissertation, reduces the manual processes associated with
analyzing product attributes across multiple domains by employing natural language processing
algorithms and 3D image mining techniques. Case studies related to each step of the new product
development process demonstrate the Bisociative design methodology in chapters 4, 5, 6, and 7.
Chapter 4 demonstrates how the methodology provides new product attributes that correlated to
increased product sales. This chapter hypothesizes that developing next generation products with
these new function attributes improves the likelihood of an increase in product sales. This chapter
shows that product attributes discovered by the methodology correlate to radical market sales
increase, while product attributes that are not discovered by the methodology, correlate to
incremental market sales increase. In Chapter 5, the methodology generates initial design
concepts that improve product distinctiveness, compared to existing products, and establishes the
feasibility of developing next generation products. This chapter hypothesizes that the similarity
between generated concepts from the methodology and the actual product (designers’ objective)
is higher than the similarity between the source products (i.e., products that have been used in the
NPD process to create the actual product) and the actual product. A design concept generated
from the methodology is 52% distinct from the current generation’s products in terms of form and
function. Design similarity between the design concept and the actual product that designers want
to create (i.e., Wing In Ground effect ship: WIG, which is not included as a test object for
maintaining the objectivity of the methodology) is 45.5%, which is larger than the design
similarities between each product that has been used to create the design concept (i.e., the
hovercraft: 20%, the airplane 28%) and the actual product. Once designers select modules
containing product attributes for next generation products, the methodology presented in Chapter
6 automatically quantifies each module’s functional interaction, which reduces the manual efforts
needed to analyze these interactions. This chapter hypothesizes that the semantic relationship
between modules’ functional descriptions (i.e., textual descriptions) correlates with their actual
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functional interactions manually discovered by designers. The interactions quantified from the
methodology has 94% accuracy when benchmarked against the experts’ manual analysis. In order
to increase the value of End-of-Life (EOL) products, Chapter 7 extends the concept of Bisociative
design to EOL options. This work demonstrates that resulting design concepts from the
methodology are not only distinct from existing product designs, but also possibly increase the
value of EOL products. This chapter hypothesizes that integrating modules from different EOL
products, increases enterprise profit, compared to the existing EOL decisions of recycling,
remanufacturing and disposal. The results from the methodology increase the profits of an
enterprise that runs its business with EOL products by 20%. To summarize, the contributions of
this dissertation are grounded in machine learning theory and aim to enhance the product design
process by efficiently searching for and discovering synergies across product attributes, modules
and product domains.
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Chapter 1
Introduction
Each year, more than 250,000 new consumer products are launched in the market (Das,
Dotson, and Henson 2014). Each product has its own design attributes (geometric form and
function profiles). This product variety in the market has resulted in an increase in the quantity
and diversity of product design data. The phrase “we are drowning in data but thirsting for
knowledge” describes the current state of the technological age, since experts (i.e., designers,
engineers, and researchers) acquire data faster than they can mine and analyze (Tucker and Kang
2012). This issue causes designers to face challenges when transforming data (i.e., raw data) into
knowledge (i.e., useful information for the new product development process that designers have
processed and interpreted) throughout the design process. From the viewpoint of the product life
cycle (PLC), designers establish design requirements during the new product development
process (NPD) based on information collected from each stage of the lifecycle, as shown in
Figure 1-1(Chandrasegaran et al. 2013).

Figure 1-1 Diagram of a product life cycle
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The manufacturing process provides production information (i.e., manufacturing costs,
failure rates) to designers, while customers write and update product reviews as feedback to
designers. Disposal, the last stage of the PLC, addresses design information relating to
sustainability. Therefore, the stakeholders of each stage can be considered customers for
designers in terms of industry supply chain management. In order to identify customer (i.e.,
manufacturer, customer, and disposal) needs, teams in each industry, such as marketing or
planning divisions, derive these needs from collected information. On the basis of information
that can be collected by each customer, designers develop next generation products that try to
meet customers’ requirements. Next generation products address the needs of future customers
while providing a path for current customers to migrate from the older product by incorporating
new product attributes that generate substantial improvements in performance over the preceding
generation’s product (Tabrizi and Walleigh 1997). While designers focus on domain information
to create next generation products, they are limited in their ability to acquire potentially problemsolving design knowledge from different domains (Tucker and Kang 2012). Consequently,
innovative product attributes that lead to the successful creation of new product concepts may be
omitted entirely.
Engineering design methodologies play a significant role in the product design process.
Designers search and generate design solutions by sharing design knowledge across product
variants, product portfolios, and even departments and organizations to create design concepts for
next generation products (Tucker and Kim 2008; Tucker and Kim 2009; Alizon, Shooter, and
Simpson 2009; Cross 1999). Researchers have employed data mining techniques in order to
search product attributes across multiple domains, including biological subjects (Cheong et al.
2011; Sanchez, Arribart, and Guille 2005; Daniel A. McAdams and Wood 2002). Although these
methodologies are aimed at integrating attributes across different domains in order to provide
design concepts for next generation products, they are limited to searching for inspiration that
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ends with multiple design ideas, which need to be interpreted by designers (Fu, Chan, et al.
2013). Ideas generated from these methodologies are presented as abstractions, which lead
designers to create ad-hoc design concepts (Linsey, Markman, and Wood 2012a; DeYoung and
Hobbs 2009; Anderson and Chhabra 2002). Since solutions rely on designers’ expertise,
experience, and understanding, these methodologies require manual effort during the new product
development process. For example, it has taken more than three years to analyze the functional
knowledge of over 100 consumer products, with 10-15 person hours per product (Kurtoglu et al.
2009). Continuously increasing product quantity and complexity further exacerbates manual
efforts to develop next generation products.
This dissertation aims to reduce the manual efforts needed to search for the form and
function attributes of products across multiple domains. In the context of engineering design, a
product is assumed to be characterized by its form attribute and function attribute. The form
attribute represents the geometric surface of the product, while the function attribute represents
the objective of the product. The Bisociative design methodology presented in this dissertation
discovers product attributes that correlate to an increase in enterprise profit by analyzing the
associations between function attributes and 3D form attributes among different products. The
term Bisociation was originally coined by Koestler to describe a synthesis of elements drawn
from two previously unrelated matrices of thought into a new matrix of meaning by way of a
process involving comparison (Koestler 1990). In this dissertation, elements in the theory of
Bisociation can be referred as product attributes, while a synthesis of these elements represents
the synergy (i.e., the increase in profit of an enterprise) of implementing these attributes to
product design. A new matrix represents a next generation product.
Existing design methodologies focus on developing novel design solutions for next
generation products by differentiating designs. Although these methodologies solve design issues,
such as improving products’ functional aspects, engineering performance, and form aspects by
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searching product attributes, the results from the search process do not explore the correlation
between these discovered attributes and market sales. Figure 1-2 describes each step of a new
product development process (NPD).

Figure 1-2 New product development process

First, designers set up design requirements based on their understanding of customer
needs (Step 1). Then, they explore design knowledge in order to discover product attributes, such
as forms and functions, for next generation products (Step 2). On the basis of their discoveries,
designers create design concepts for next generation products by describing potential attributes
(Step 3). In Step 4, designers check functional interactions in order to examine false functions
before Step 5, when they create actual prototypes. The first and last step of the NPD are phases
when designers make decisions, whereas Steps 2, 3, and 4 explore, discover, and analyze product
attributes to support the designers’ decisions. This dissertation demonstrates a reduction in the
manual aspects of the product design process in Steps 2, 3, and 4 using various case studies.
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The Bisociative design methodology presented in this dissertation aims to provide
designers with product attributes that correlate to increased product sales. Figure 1-3 describes the
impact of the proposed methodology in making steps 2, 3, and 4 of the NPD more automated in
nature, since these steps discover and analyze product attributes in order to support designers’
decision making.

Figure 1-3 The new product development process with Bisociative design methodology

Chapters 4, 5, 6, and 7 describe the achievements of the Bisociative design methodology
in the PLC, as shown in Figure 1-3. This dissertation studies how similarities (bisociations)
between different product attributes create synergies (i.e., discoveries of product attributes that
correlate to increased product sales) during the NPD process.
This dissertation is organized as follows. This chapter discusses the motivation and
outline of the research. Chapter 2 describes works related to the research. Chapter 3 presents the
data mining driven design approach that penetrates the entire section of the Bisociative design
methodology. Chapter 4 demonstrates how new function attributes, which are discovered from
different product domains, can improve the market sales of next generation products. Chapter 5
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describes a design concept generation methodology that synthesizes form and function attributes.
Chapter 6 verifies the functional interactions of a product’s functional architecture by mining its
specification data. Chapter 7 introduces an application study of the previous chapters’ models that
create new value for end-of-life products. These chapters demonstrate how data mining driven
design methodologies can provide product attributes to designers during each step of the NPD
process (Step 2, 3, and, 4 in Figure 1-3). Chapter 8 provides the conclusion for the research.

Chapter 2
Literature Review
This chapter discusses background information and past research closely related to the
methodology presented in this work. The literature review first begins by discussing wellestablished product design models that relate to the customer preference modeling in Section 2.1.
Then, engineering design models generating innovative design concepts on the basis of different
product domain sources are introduced in the next sections. Section 2.2 reviews TRIZ, which is a
systematic approach for generating innovative solutions based on patents.
Section 2.3 reviews design by analogy, which has been shown to be an effective means
for providing innovative design insights to engineering designers (Fu, Chan, et al. 2013). Design
models that contribute interdisciplinary inventions (i.e., engineering developments based on
biological domains) to the engineering field are reviewed in Section 2.4 (Sanchez, Arribart, and
Guille 2005; Brebbia and Collins 2008). These models, which are known as Bio-Inspired design
and Biomimetic design, have inspired designers to develop engineering systems by utilizing
information from natural creations (Vattam et al. 2011).
After identifying the pros and cons of these idea generation models, the functional model,
which creates next generation products’ functional architecture on the basis of generated ideas, is
discussed in Section 2.5 (Daniel A. McAdams and Wood 2002). Having highlighted the
capabilities of the functional model as an efficient design methodology to create detailed level
design concepts of next generation products, the discussion moves into modularity and
commonality, which represent a group of modules on the basis of functional associations (Section
2.6) (Gershenson, Prasad, and Zhang 2004). Section 2.7 reviews 3D morphing techniques that
generate visual concepts for next generation products. Once designers decide on a functional
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architecture and its corresponding modules in Step 3 of the NPD (Figure 1-2), visualization
models support designers in simulating a next generation product’s form (L. L. Chen et al. 2003).
In Section 2.8, the literature related to manual approaches for quantifying functional
associations articulates the need for an automated methodology that analyzes these associations.
Although both form and function are significant attributes for developing next generation
products, analyzing the functional interactions between each module is the most important factor
that prevents system failure from an operational standpoint.
In order to search function attributes (usually described in textual forms in product
descriptions), semantic analyses have been employed in various engineering design
methodologies, as reviewed in Section 2.9. The methodology presented in this dissertation also
utilizes text mining techniques, which analyze semantics across multiple product descriptions, to
discover function attributes for next generation products. Table 2-1 illustrates a summary of each
literature review section.
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Table 2-1 A Concise Summary of Each Literature Review
Literature Review
2.1 Customer
Requirement
Model
2.2 TRIZ

2.3 Design by
Analogy

2.4 Bio-Inspired
Design

2.5 Functional
Modeling

Description
Discovers customer
requirements and map with
product functions for
improving product
Discovers design solutions that
minimize contradiction
between system attributes
Discovers novel design
concepts by exploring analogy
across designers’ knowledge/
product descriptions for
reducing design fixation
Discovers novel design
solutions by taking into
account biological domains as
design sources
Generates functional structure

2.6 Modularity and
Commonality

Generates modular product
concepts

2.7 Visualization
Through Morph
Techs
2.8. Functional
Association
Analysis
2.9 Attribute
Extraction by
Semantic Analysis

Generates visual design
concepts
Verifies the functional
association of design concepts
from previous sections
Discovers product attributes
from text-based product data

Limitation
Design fixation and
contradiction occur

NPD step
Step 1

Solutions limited to 76
standards, which omits
potential solutions that are
beyond those standards
Generates too many ideas

Step 2

Requires a deep
understanding of
biological domains

Step 2

Requires selecting
candidate modules with
designers’ functional
knowledge
Requires functional
association between
modules
Usually employed for
designing products in the
same domains
Requires experts’ manual
analysis

Step 3

The quality of analysis
relies on the quality of
textual formats

Step 2

Step 2

Step 3

Step 3

Step 4

2.1 Design concept discovery based on customer preference models
In order to develop a successful product in the market, analyzing customer preferences is an
essential step in the design process. Techniques such as conjoint analysis (CA) quantify the
probability of a customer’s choice between each competitive product or product functions
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(Moore, Louviere, and Verma 1999; Olewnik and Lewis 2007). Each product’s data are gathered
by collecting customer surveys that rank the preferences of each product’s attributes. A utility
function is employed for quantifying customer preferences between competitive products on the
basis of collected product data. Discrete Choice Analysis (DCA) predicts a customer’s choice on
the basis of multiple products relating to mutually exclusive collectively exhaustive (MECE)
alternative choices by incorporating probabilistic choice theory (Berry 1994; Wassenaar et al.
2005). In order to identify the most favorable product across different expectation rates,
multinomial logit (MNL), probit, nested logit, and ordered logit models, which are variations of
DCA, were developed in the product design community (Hoyle et al. 2009). The Quality
Function Deployment (QFD) matrix employed in the design community aims to develop products
satisfying customer requirements by identifying the interaction between customer requirements
and engineering metrics (EM) (Pullman, Moore, and Wardell 2002). This interaction provides
designers with functional engineering targets on the basis of customer preferences of a product
obtained from customer surveys and focus groups (Lowe, Ridgway, and Atkinson 2000). Data
mining techniques have employed customer preference models for identifying customers’ choice
patterns on the basis of customer surveys in order to optimize products during next generation
product design (Kusiak and Smith 2007; Shao et al. 2005). Data mining clustering techniques
have been employed to categorize a customer data set into marketing data for developing product
families corresponding to each target market (Agard and Kusiak 2004). In order to extract
optimal product functions for next generation product design, a data mining technique based on a
Naive Bayesian model has been employed in the design community (Tucker and Kim 2008). A
Bayesian network model has been presented for quantifying the probabilities of customers’
preferences over all product functions in order to develop new products that satisfy customers’
requirements (Lim, Liu, and Loh 2012). Multiple data mining techniques, such as k-means, selforganizing map (SOM) networks, and fuzzy adaptive resonance (FuzzyART) theory, have been
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integrated with each other for segmenting a customer data set into a product development process
(Su, Chen, and Sha 2006). Decision Tree Classification methodologies have been presented to
identify product functions for optimizing product portfolios by analyzing relevant customer
preferences across large scale data sets (Tucker and Kim 2009). Preference trend mining (PTM)
has been proposed for identifying product function relevance over time, since customer
preferences of a product function change frequently (Tucker and Kim 2011a).
The aforementioned models in this section have predicted product functions based on
experts’ domain knowledge, thereby omitting potential functions that contain customers’ points of
view. In the context of engineering design, product reviews are essential for analyzing customer
preferred products or product functions, since customers naturally describe their experiences or
concerns on online merchandise systems (Zhan, Loh, and Liu 2009). The quantity and diversity
of customer reviews have increased rapidly due to online merchants providing active review
systems for customers to share their concerns and experiences of the product (Dave et al. 2003;
Avery, Resnick, and Zeckhauser 1999). In order to extract a product function and its preferences
from a large pool of customer reviews, researchers have employed opinion mining models in the
design community (Tuarob and Tucker 2013). Wong and Lam have discovered the most favorite
products on auction websites by analyzing customer reviews with hidden Markov models and
conditional random fields (CRF) (Wong and Lam 2007). They have extended the research by
including a document object model (DOM) in order to identify the interactions between each
function that are extracted from different websites (Wong and Lam 2009). Popescu and Etzioni
have proposed ‘OPINE’ to extract product functions along with corresponding opinions from a
large pool of online customer reviews (Popescu and Etzioni 2005). Hu and Liu have extracted
each product function, and its corresponding opinions, as frequently used nouns or noun phrases
and adjacent adjectives from these parts of speech in customers’ reviews, respectively (Hu and
Liu 2004; Hu, Liu, and Street 2004). Wei et al. have proposed a semantic-based product function
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extraction (SPE) technique in order to classify product functions into positive and negative
meanings on the basis of customer reviews (Wei et al. 2009). Yi et al. have presented a sentiment
analyzer (SA) that derives opinions about a product function from customer reviews by
employing natural language processing (NLP) techniques (Yi et al. 2003). Rai has extracted key
product functions and their importance levels by analyzing online customer reviews with a termdocument matrix (TDM) technique. Tucker and Kim have derived customer trends from largescale customer reviews by predicting changes in customer product preferences with text mining
techniques (Tucker and Kim 2011b). These opinion models have successfully extracted product
functions and their opinions from large-scale customer reviews. While current opinion models
can identify likable or unlikable product functions within textually described data sets, they are
limited in their ability to apply these functions to the actual product design process. Product data
in the aforementioned customer preference methodologies are inherently limited to related
products, as the methodologies aim to quantify the associations among these similar products,
thereby providing designers with design concepts that can result in design fixation (Linsey et al.
2010).
In engineering design, researchers have discovered that customer preferences may cause
contradictions during the NPD process (Hazelrigg 1998). Both industries and researchers have
tried to find better ways to satisfy customer needs through an increased emphasis on product
quality and manufacturing flexibility without compromising product costs (Stalk and Hout 1990).
Since competition in most industries has sharply increased, designers need to respond to changing
customer needs more rapidly than their competitors. In order to mitigate this challenge,
engineering designers have employed TRIZ during NPD, which increases the efficiency of the
product development process by evaluating existing product designs and predicting product
performance on various metrics (Okudan, Ogot, and Shirwaiker 2006).
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2.2 Design concept generation based on TRIZ
In 1946, Altshuller developed TRIZ (a Russian term for the theory of inventive problem solving),
which is a systematic approach for generating innovative solutions (Sheng and Kok-Soo 2010).
Altshuller discovered certain patterns of innovations in the engineering design field by analyzing
relationships across more than three million patents (Shirwaiker and Okudan 2008). Engineers
iteratively processed similar steps to solve engineering design problems. These iterations derived
interdisciplinary engineering patterns of technological evolution across industries and sciences,
thereby revealing that innovative inventions were often based on unrelated domains. On the basis
of TRIZ, an invention is achieved by solving contradictions that occur during the product
improvement process (Okudan, Ogot, and Shirwaiker 2006). Since a product can be disassembled
as interactive function attributes, improving one may cause not only positive effects but also
negative effects to the product. For instance, employing a larger gas tank for an automobile may
extend its cruise distance. However, its fuel efficiency will be reduced, since the size and the
weight of the car will be increased in an effort to adopt the tank. This situation causes a
contradiction (i.e., a problem). In order to solve contradictions, TRIZ discovers solutions by
exploring patents that address the contradictions (Kremer et al. 2012).
TRIZ has been employed in concept generation for solving various engineering design
problems, from a simple valve mechanism to sophisticated aircraft components. A seated ball
valve was redesigned with metal instead of Teflon and Nylon (Tsai, Chang, and Tseng 2004).
Generally, Teﬂon and Nylon were the materials for the seat, which functioned as a seal surface of
the valve. However, these materials were fragile and unsteady in certain circumstances, such as
under high pressure, at a high temperature, or in a corrosive environment. Designers discovered a
metal to serve as a new material for the seat by using TRIZ (Tsai, Chang, and Tseng 2004).
Researchers employed TRIZ to design a supersonic transport plane that could land on a carrier
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(Stratton and Mann 2003). Because of its demanding size (i.e., 500 passengers), speed (i.e.,
supersonic), and landing function, designers had to confront technical contradictions. For
instance, smaller wings increase the speed and require less space for the carrier, while larger
wings are required for general aerodynamics and maneuverability during take-off or landing. On
the basis of results from TRIZ, designers developed wing spoilers that could boost the speed
during take-off and increase maneuverability for general flight (Stratton and Mann 2003).
Designers also have combined functional models and TRIZ to create next generation
product design concepts by exploring interrelated patents within design requirements (Fu, Cagan,
et al. 2013; Liang and Tan 2007). Since patents contain large-scale textual data sets, researchers
have employed text mining techniques to search the functional attributes that are not only
analogical to the design requirements, but are also included in structured formats (i.e.,
contradiction table, engineering parameters, inventive principles, and standard solutions defined
from TRIZ theory) (Liang, Tan, and Ma 2008; Cascini and Russo 2007). Therefore, these
approaches may support designers with “reasonable” function attributes, which designers can
cognitively retrieve. These methodologies may generate novel solutions for engineering design
problems based on TRIZ standards. Researchers have discovered 76 standard solutions in TRIZ,
which minimize contradictions by “improving the system with no or little change” (13 standard
solutions), “improving the system by changing the system” (23 standard solutions), “system
transitions” (6 standards), “detection and measurement” (17 standard solutions), and “strategies
for simplification and improvement” (17 standard solutions) (Gao et al. 2006). Each standard
solution focuses on improving functionality in terms of an operational viewpoint (Stratton and
Mann 2003).
TRIZ discovers solutions for engineering design problems within 76 standards, which
omit potential solutions that are beyond those standards. These excluded solutions may support
designers in creating novel design concepts for next generation products. However, the
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methodology presented in this work discovers product attributes that are not bound by limited
standards. In order to satisfy design requirements, the proposed Bisociative design methodology
identifies distinctive product attributes for next generation products by analyzing the relationships
between requirements and product attributes (form and function) across multiple products.

2.3 Design concept discovery based on design by analogy
Design by analogy supports designers in developing conceptual designs for new products by
discovering design insights that meet customer requirements from multiple domains (Fu, Chan, et
al. 2013; Christensen and Schunn 2007; Eckert, Martin, and Christopher 2005). In the context of
engineering design, analogy is a cognitive process that transfers design information from a source
domain to a target product. Designers may gain design insights for next generation products by
searching design information (function, form, material, etc.) from source domains retrieved from
the designer’s memories or databases (Linsey et al. 2010). Empirical studies of design by analogy
have demonstrated that designers can create novel design concepts from source domains
unfamiliar to designers (Linsey et al. 2010; Chan et al. 2011). However, designers may find it
difficult to retrieve analogies between domains that are too “far” from design targets (Fu, Chan, et
al. 2013). Therefore, design by analogy approaches have been developed for supporting designers
in identifying feasible analogies from engineering patents. In order to generate a design concept,
the functional model searches analogous functions and flows from different products’
components (Hirtz et al. 2002; Bryant et al. 2005; Daniel A. McAdams and Wood 2002). The
functional model generates a chain of functions connected by energy, signal, and material flows
(Baxter, Juster, and De Pennington 1994). Since analogous functions and flows may be described
with different terms, researchers have created a standard set of functions and flows by grouping
the terms along semantic similarities (Stone and Wood 2000). The functional model links a set of
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functions with flows, where the set represents a component. By connecting analogous
components with flows, this methodology enables designers to generate concepts for next
generation products (Bryant et al. 2005; Kurtoglu et al. 2009; Chakrabarti and Bligh 1994). In
order to search for “more” functions similar to the design targets, a quantitative similarity metric
has been presented in design by analogy (Daniel A. McAdams and Wood 2002). Although the
metric has identified feasible functions from different domains for developing new products,
designers face challenges in searching optimal products that include functions. The WordTree
method has identified analogous domains from each step of the information retrieval process by
employing a textual semantic analysis technique (Linsey, Markman, and Wood 2012b). However,
the aforementioned methodologies in design by analogy rely on designers’ manual analyses for
identifying analogies from domains where domain data continuously increase. In order to
mitigate this limitation, a combination of latent semantic analysis and a Bayesian-based algorithm
has been employed in design by analogy to provide designers with feasible design knowledge
across multiple domains (Fu, Chan, et al. 2013; Fu, Cagan, et al. 2013). The combination of these
mathematic approaches has discovered that domains too “far” from design targets can be harmful
to retrieving analogies, while too “near” domains can result in design fixations (Fu, Chan, et al.
2013). In order to discover next generation products’ design sources across multiple domains,
common functions and components from multiple patents are extracted as analogical sources (Fu,
Cagan, et al. 2013). Designers explore these design sources from different domains that can be
mapped onto design targets.
Although design by analogy discovers analogical functions as design sources that meet
both designer and customer requirements, this methodology generates multiple ideas for next
generation products. Therefore, designers may find it difficult to identify which specific function
may lead to designing next generation products (Linsey, Markman, and Wood 2012b). The
methodology presented in this work explores the functions that satisfy design requirements but
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have not been applied to the target. Consequently, designers can design next generation products
by incorporating a design target and novel functions that made other products preferable to
competitive products. Also, this work aims to support designers with functions as well as
geometric forms. Compared to the results from design by analogy, this work provides designers
with optimized product attributes in terms of form and function, so that designers may create
design concepts for next generation products without analyzing various product attributes across
multiple domains. The functions and geometric forms generated by this methodology take into
account both the future value and manufacturing cost of a next generation product (Chapter 4
explains this part in detail).

2.4 Design concept discovery based on Bio-Inspired design
Engineering designers have extended design sources for design by analogy with biological
domains in order to search design solutions from nature. Bio-Inspired design, an emerging area of
researched based on biology and engineering design, allows engineers to take ideas from nature
and develop new design solutions for engineering problems by searching design analogies from
biological domains (Helms, Vattam, and Goel 2009). Bio-Inspired design is an emerging area of
research based on biology and engineering design (Raibeck, Reap, and Bras 2009; Brebbia and
Collins 2008; French 1994). For example, the Vorticity Control Unmanned Undersea Vehicle
(VCUUV) has a physical shape and movement similar to an actual yellow-fin tuna (Anderson and
Chhabra 2002). In Japan, the beak of a kingfisher inspired the design of the Shinkansen high
speed train (DeYoung and Hobbs 2009). Natural silk inspired the design of synthetic fibers, such
as Nylon and Kevlar (Gosline et al. 1999). Although Bio-Inspired design models are used in
various domains, some researchers have pointed out that the results were achieved by ad-hoc
approaches (Nagel et al. 2010; Cheong et al. 2011). Researchers have proposed systematic
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approaches to Bio-Inspired design. A strategy has been proposed to identify suitable biological
phenomena that could be relevant to engineering functions (Shu et al. 2007). Interactive
knowledge-based design tools have been developed to leverage the large pool of biological
designs already existing in nature. A computational tool called “IDEA-INSPIRE” has been
developed to support designers by providing analogically inspired ideas between biological and
engineering domains (Chakrabarti, Sarkar, Prabir Leelavathamma, and Nataraju 2005). This tool
generates ideas on the basis of a database of natural systems that contains the systems’ structure,
behavior, and function (SBF) models. Similarly, a Design by Analogy to Nature Engine (DANE)
has been proposed for searching interactive design knowledge between engineering design and
biological phenomena by analyzing the functional structure of biological systems with SBF
models (Vattam et al. 2011). SBF models need experts’ manual analyses for creating a new
system model. Designers face challenges in searching engineering design knowledge from largescale biological information, since the tools are based on a semi-automatic approach. An
engineering-to-biology thesaurus has been developed to map a large pool of terminologies
between engineering design and biology domains (Nagel, Stone, and Mcadams 2010).
Constructing the thesaurus required experts’ manual analyses for mapping new terminologies
between engineering and biological domains. Natural language processing (NLP) techniques have
been employed to search biologically meaningful keywords for functional terms related to
engineering design (Cheong et al. 2011; Chiu and Shu 2007; Shu and Cheong 2014). Biological
data sets have been taken from a textbook that explains biological phenomena in detail.
Designers have solved engineering design problems with biologically inspired designs.
However, knowing which domain of biological systems can solve an engineering issue is not
clearly explained in this research area. Since biologists try to understand designs in nature, while
engineers generate designs by solving problems appearing in the physical world, each domain has
different viewpoints on design and uses different terminologies to investigate design sources
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(Helms, Vattam, and Goel 2009). These differences present challenges for designers trying to
measure the inspiration between the biological domain and the engineering domain, which can be
regarded as the relationships between these domains. For example, observing the flapping wings
of a bird does not explain the aerodynamics of flight needed to design an aircraft (i.e., variations
in flight characteristics across airplanes, rockets, and helicopters). Nature’s evolutionary
processes, such as metamorphosis, mutations, and incremental growth, also increase the
challenges of translating biological knowledge to engineering domains in terms of product
design.
Although designers have solved design problems in innovative ways by taking ideas from
biological domains, creating engineering products or functions is not easy. In the methodology
presented in this work, the varying sources of data are engineering products that have been
established in the engineering design field and validated in terms of their engineering feasibilities
from design and manufacturing to product use. In this dissertation, the methodology analyzes the
functional relationships between requirements and attributes in order to discover product
attributes that satisfy design requirements. This methodology also analyzes the product’s
functional interactions so that it can simulate operational failure, while Bio-Inspired design
qualitatively analyzes each function to generate design concepts.

2.5 Design concept generation based on functional modeling
A functional model in engineering design is a structured representation of standardized functions
and the flows between these functions within the formalized design space. Conceptual product
design can be generated by a functional model, which generates a chain of functions as a process
connected by energy, signal, and material flows, the essential requirements for operating each
function (Hirtz et al. 2002; Baxter, Juster, and De Pennington 1994; Stone and Wood 2000;
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Bonjour et al. 2009; Kurtoglu et al. 2009). In product design, functional modeling is a crucial step
in defining a product’s architecture, where the architecture indicates the product’s functional
structure by which the product’s function is allocated to physical modules. Designers have created
a functional architecture for next generation products on the basis of a functional model and
functional associations between each candidate module (Sangelkar and McAdams 2013; Kurtoglu
et al. 2009; Sen, Summers, and Mocko 2010). A quantitative functional model that captures
product functionality and customer requirements has been proposed (Stone, Wood, and Crawford
1999). This model employs modular theory and needs an assessment tool to build a product
repository for grouping products based on functionality and customer requirements. The model
represents a product in a vector space, where the number of independent modules determines the
dimension of the vector and where each module’s customer functional requirements determine
the magnitude.
Analyzing the interdependency of products’ functions allows fundamental explorations in
product design to be performed independent of a product’s form (D. A McAdams, Stone, and
Wood 1999; Kurtoglu et al. 2009). A functional model also allows designers to make an explicit
connection between modules by measuring the interdependency of functions. These connections
are usually inherent in the product development process. The functional model enables product
development and manufacturing on a mass customized scale (Kahn, Castellion, and Griffin
2005).
Novel design concepts for next generation products can be generated by synthesizing a
product’s functions, which are defined by quantifying functional independencies and
interdependencies. A function dividing process (FDP) has been proposed to obtain sub-system
level (i.e., module) functions from system level (i.e., product) functions (Taura and Nagai 2013).
A FDP divides a system level function in two ways: the decomposition-based dividing process
and the casual-connection-based dividing process. The casual-connection-based dividing process
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deals with the functional interdependency among a group of modules, where the functions of a
module are similar to the adjacent functions of a product at the same level. The decompositionbased dividing process deals with functional independency when the product function is realized
with the functions of each independent module. The model generates new module functions by
integrating existing sub-system functions with a functional model.
In the context of systems engineering, the need for a standard design process has arisen
due to the international trade of system products and services. Therefore, EIA 632 has been
established for standardizing the functions of systems (J. N. Martin 2000). The ISO/IEC 15288
has been introduced in the engineering design community to provide a common and
comprehensive design framework for managing system development projects (Arnold and
Lawson 2004). However, as the quantity and diversity of modules continue to increase, designers
are faced with the challenge of searching through the entire design space for novel design
concepts that can lead to next generation products.
This dissertation utilizes text mining techniques that extract functions from products’
(modules) functional descriptions. On the basis of the standardized representation of function
attributes, which are developed by The National Institute of Standards and Technology (NIST),
the text mining techniques derive function attributes from descriptions that are written in natural
language. Therefore, the methodology presented in this dissertation mitigates the aforementioned
challenges by reducing the manual efforts needed to search product attributes that can lead to next
generation products.

2.6 Design concept generation based on modularity and commonality
A product can be represented as a modular system when it can be broken down into a number of
components that may be mixed and matched in diverse kinds of similar domain compositions
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based on their functional association level, where a domain is a group of products with common
functions (Schilling 2000). Product commonality provides candidate product modules to
designers in order to construct an underlying architecture as a product platform by measuring the
functional associations of modules in a specific product domain (Messac, Martinez, and Simpson
2002). The idea of product commonality was raised by automotive engineers who tried to
standardize automobile components and mechanisms based on their functional requirements
(Fixson 2007). Multiple commonality indices have been introduced into the design research
community: the Degree of Commonality Index (DCI), the Total Constant Commonality Index
(TCCI), the Product Line Commonality Index (PCI), the Percent Commonality Index (%C), the
Commonality Index (CI), the Comprehensive Metric for Commonality (CMC)], etc. (Collier
1981; Wacker and Treleven 1986; Kota, Sethuraman, and Miller 2000; Siddique, Rosen, and
Wang 1998; M. Martin and Ishii 1996; Thevenot and Simpson 2006). These commonality indices
measure the sharing rate of product modules for designing product platforms based on distinct
components (independence) and their connections (interdependency).
The research on modularity is derived from Suh’s design axiom, which establishes an
understanding of associations between modules (Suh 1984). A module is a group of components
having strong functional associations that proceed to perform a specific function (Fujita and Ishii
1997; Gershenson, Prasad, and Zhang 2003; Jose and Tollenaere 2005). It is difficult to integrate
a module with other modules when there are no functional associations among them (Sharman
and Yassine 2004). The definition of modularity is further revised by considering interdependent
and independent associations between modules (Gershenson, Prasad, and Zhang 2003;
Gershenson, Prasad, and Zhang 2004). A module represents a unit of a product that independently
performs a specific function. Product design methodologies based on modularity use modules as
standard units to construct products in order to increase the efficiency of both product design and
manufacturing processes (Huang and Kusiak 1998). For example, Volkswagen shares a platform,
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which is modularized with a floor panel, chassis, etc., for their products (Thevenot and Simpson
2006). The Ford Motor Company produces a climate control system in order to provide both heat
and cool temperatures for their customers by integrating 16 different modules (Pimmler and
Eppinger 1994). Huang et al. designed a digital circuit module containing end users’ needs as
functions by integrating electric components (Huang and Kusiak 1998). Modules constitute a
product, along with its functional associations that achieve the product’s primary function. A
functional association between modules enables designers to identify modules that can be
interchanged and upgraded, repaired, or even eliminated (Dahmus, Gonzalez-Zugasti, and Otto
2001; Schilling 2000; Gershenson, Prasad, and Zhang 2003).
Each module performs a specific function(s), and these modules are connected to each
other with different levels of functional associations. Although identifying a functional
association is an important factor for developing both modules and products, assessing the
functional association between modules has, up until now, primarily relied extensively on manual
feedback, which can be costly and time consuming, especially as products become more complex.
Traditionally, designers have generated a design structure matrix by measuring the degree of
functional associations between modules based on their knowledge and experience. The manually
analyzed DSM has been shown to be effective for analyzing associations between objects by
providing designers with valuable results (Sosa, Eppinger, and Rowles 2003; Helmer, Yassine,
and Meier 2010; Browning 2001). The methodology presented in this work automatically
quantifies the degree of functional association between each module on the basis of each
module’s functional description, which measures associations comparable to manual analysis.
This work identifies new attributes that can be applied to existing products, which develops
design concepts for next generation products. By quantifying the functional associations between
each module, Bisociative design methodology provides designers with new attributes that are
capable of being applied to NPD.
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2.7 Design concept generation based on visualization through morphing techniques
Once function attributes are selected for a next generation product, designers need to create its
actual shapes, which represent the physical representations of the products. In order to respond to
various engineering conditions, engineering designers morphed these shapes to discover the best
model that addresses each limitation. The term morphing refers to a process that interpolates a
source image to a target image in the computer science field. Morphing algorithms attempt to
create various intermediate images, while a source image transits to a target image (Kanonchayos
et al. 2002). Morphing has been mainly used in the computer-based animation field. This
seamless image transition technique also has been employed in the engineering product design
field, ranging from transportation, such as aircraft and marine research, to consumer electronic
devices (L. L. Chen et al. 2003; Hsiao and Liu 2002; Jang et al. 2008; W. R. Kang et al. 2012; J.
Y. Kang and Lee 2010).
Morphing Aircraft Structures (MASs) have been well researched for the improvement of
aerodynamic efficiency and the development of next generation aircrafts fit for various flight
conditions (W. R. Kang et al. 2012). Changing the span length and the controllable sweep back
angle of aircraft wings is a design method that employs 3D morphing techniques (Diaconu,
Weaver, and Mattioni 2008; Friswell and Inman 2006; Mattioni et al. 2006). Generally, these
methods improve the flight performance characteristics of aircraft that can be operated in various
operating flight conditions such as bad weather, military operations, and so on. Minimizing the
wing tip vortex is another design method that uses 3D image morphing techniques to maximize
aerodynamic efficiency (Shelton et al. 2006). Although MASs have shown great effort in
designing aircrafts, they limit research in the aircraft domain, whereas this research seeks
unlimited domains that can morph to generate new aircrafts.
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Morphing techniques have also been employed in marine structure design (Jang et al.
2008). Shipbuilding industries recently have started to employ 3D image designing systems, such
as 3D CAD. Jang et al. proposed automatic finite element (FE) modeling based on a stiffenerbased mesh generation algorithm for building next generation ships (Jang et al. 2008). This
algorithm has been employed to break down the surfaces of ships into sub-regions and generate
mesh diagrams for those regions. After the structural analysis step, Q-morph has been employed
to combine each subregion. The logic of this model can only be used based on a 3D CAD system,
while the model is limited to building container ships. Kang and Lee proposed a mesh-based 3D
morphing technique to generate cost efficient marine hulls (J. Y. Kang and Lee 2010). This
approach demonstrates the shapes of next generation products similar to the source image, which
is the current product. Even though this may lead to a time-efficient design process, it is limited
to morphing only marine-related images. These methods for designing ships aim to increase
design efficiency rather than support novel ideas for creating the next generation of ships. The
methodology presented in this work aims to generate novel concepts for constructing
differentiated product domains. Morphing products through the design methodology presented in
this dissertation may create “hybrid” marine products, such as a Wing in Ground (WIG) ship, on
the basis of marine and aircraft domains.
Chen et al. proposed a product design framework that employs morphing techniques to
find effective product shapes (L. L. Chen et al. 2003). The authors interviewed designers in order
to select which parts of the source images need to be morphed for increased novelty. Hsiao and
Liu have extended this methodology for generating LCD monitors (Hsiao and Liu 2002). Their
work manually evaluated the monitors’ designs by asking designers how the morphed images are
closed to their imaginary forms.
3D forms in the aforementioned design methodologies are limited to relevant domains, as
the models aim to generate design concepts in the same domain. Although the design concepts
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may perform well for developing next generation products, the products remain in the same
domain, which may erode a company’s competitiveness in the market by creating less distinct
products compared to existing products (Alizon, Shooter, and Simpson 2009; Leifer, O’Connor,
and Rice 2001). The methodology presented in this research aims to generate novel product
domains that can be differentiated from existing domains by combining 3D forms and functions
across different product domains.

2.8 Design concept verification through functional association analysis
While the functional model generates a functional architecture by identifying each function and
flow (association) for candidate modules, designers still need to select appropriate modules that
satisfy the level of their associations with one another. This section reviews literature relating to
measuring the degree of functional association between modules. In the context of engineering
design, many researchers have employed a design structure matrix to visualize functional
associations among modules on the basis of experts’ knowledge (Dahmus, Gonzalez-Zugasti, and
Otto 2001; Jiao, Simpson, and Siddique 2007; Sosa, Eppinger, and Rowles 2003; Sosa, Eppinger,
and Rowles 2004; Pimmler and Eppinger 1994). Steward coined the term “Design Structure
Matrix (DSM),” a matrix-based approach to analyzing system design structures (Steward 1981).
The DSM’s row index and the column index are described as system elements represented as
modules, with the cells of the matrix representing the associations between elements. The initial
stage of creating both matrices defines each element that is the object of association. Pimmler
represented these system elements as product modules, proposing a taxonomy of functional
associations (spatial, energy, information, material) with a quantification scheme in order to
facilitate how experts measure each association between modules (Pimmler 1994). Pimmler and
Eppinger proposed a module-based DSM on the basis of taxonomy and scheme in order to
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reorganize design teams along with the functional association between modules (Pimmler and
Eppinger 1994). Eppinger extended the DSM in order to integrate manufacturing systems by
mapping both the functional associations of power train modules and the associations of their
manufacturing processes (Eppinger 1997). Sosa et al. identified new modular and integrative
systems to develop complex products by clustering the quantified interface between modules and
systems (Sosa, Eppinger, and Rowles 2003). They extended the research to analyze the functional
misalignments of product architecture and the organizational structure in complex product
development by clustering the functional alignment of modules (Sosa, Eppinger, and Rowles
2004). Karniel and Reich proposed a “DSM net” technique as a multi-level process model to
create new products (Karniel and Reich 2012). The DSM net is composed of design and process
activities capable of checking process implementations on the basis of functional associations
between modules.
Existing DSM methodologies that measure the functional associations between modules
are based on experts’ analyses. However, it may be difficult for manual analysis-based
approaches to quantify the functional associations between modules, since modern engineering
products, such as vehicles, require more complicated modules than before. For example,
approximately 3400 more modules are required for constructing vehicles today than compared to
the start of the 20th century (Ford Motor Company 1989; Groote 2005). The semantic analysis
techniques presented in this work quantify functional associations across a wide range of modules
based on their textual descriptions, which reduces the time and costs associated with manual
analysis techniques.

28
2.9 Semantic analysis in product design
Semantic analysis techniques that discover knowledge from large-scale textual data sets have
been proposed across a wide range of science and engineering disciplines. Utilizing these
techniques, which mine statistically significant terms, in the science and engineering fields gives
researchers access to an immense number of textual data sets.
In the engineering design fields, semantic analysis techniques have been employed to
extract product attributes from text-based product data, including customer feedback and product
technical descriptions, in order to design products that better meet customers’ needs (Menon et al.
2003; Romanowski and Nagi 2004; Ghani et al. 2006). Researchers have extracted product
functions from their functional descriptions, such as patents or official manuals, through text
mining techniques that can derive semantics from textual data sets (Kang et al. 2013; Tucker and
Kang 2012; Ghani et al. 2006; Tseng, Lin, and Lin 2007; Tuarob and Tucker 2014). Menon et al.
employed a vector space document representation technique to derive useful product
development information from customer reviews (Menon et al. 2003). Tuarob and Tucker have
collected 2.1 × 109 tweets in order to search for cell phone related knowledge and identify lead
users and their product feature preferences through semantic analyses, which discovers potential
product features for next generation cell phone designs (Tuarob and Tucker 2015a). They also
have analyzed product favorability from large-scale social media data in order to improve next
generation product design by adding or removing design features based on preferences (Tuarob
and Tucker 2015b). Zhou et al. have extracted latent customer needs from customer product
reviews through semantic analysis, which identifies the hidden analogical reasoning of
customers’ preferences (Zhou, Jianxin Jiao, and Linsey 2015). Gu et al. have employed a
semantic reasoning tool to represent functional knowledge as function-cell pairs, where the cell is
defined as a conceptual structure denoting the structure category that interacts with similar
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functions (Gu et al. 2012). Ghani et al. have extracted semantics as product attributes on the basis
of textual product descriptions by employing a generative model with the expectation
maximization (EM) technique (Ghani et al. 2006). Tucker and Kang have extracted semantics as
functions and behaviors of products from textual descriptions to discover cross-domain
knowledge among multiple product domains (Tucker and Kang 2012).
The Bisociative design methodology presented in this dissertation extracts function
attributes from large-scale product descriptions and quantifies the interactions between these
attributes by using semantic analysis (Step 2 and Step 4 in the NPD process, Figure 1-2). In order
to quantify these interactions, this work proposes an automatic interaction measurement that
converts those function attributes into a vector space on the basis of the semantic relationships
between each product’s descriptions. This work presents a comprehensive design methodology
that improves manual processes during each step of the NPD by using automatic approaches.
Although automatic approaches generate novel design concepts for next generation products by
discovering product attributes, the fundamental purpose of developing new products is to create a
product that works in the market. Therefore, this work demonstrates that resulting design
concepts from Bisociative design methodology are not only distinct from existing product designs
but can also possibly increase the profit of an enterprise.

Chapter 3
Bisociative Design Methodology
In order to satisfy market needs, companies actively seek to offer competitive and highly
differentiated products (Pirmoradi, Wang, and Simpson 2014; Alizon, Shooter, and Simpson
2009; Kota, Sethuraman, and Miller 2000). A product represents an artifact that is manufactured
for sale. Using this definition, a module, which is a subassembly of the artifact, can be considered
a product, since it is also manufactured for sale. During the new product development process,
product attributes are descriptors that represent a product’s characteristics within its design
requirements, such as function attributes (i.e., representing the specific objectives of a product)
and form attributes (i.e., representing the physical configurations of a product). In the presence of
ﬁerce market competition, the incremental improvement of a product can erode a company’s
competitive edge in the market by making their products less distinct than products offered by
competitors. Consequently, companies seek to constantly differentiate products in order to remain
competitive.
This dissertation expands upon previous research by exploring different product attributes
that have shown design synergies during the new product development process. The methodology
presented in this chapter extracts form and function attributes of products across multiple domains
by utilizing semantic analysis and 3D image mining techniques. Chapter 4 identifies new function
attributes that have the potential to satisfy design requirements and increase product sales on the
basis of results from this chapter. Chapter 5 supports designers with initial design concepts that
are closed to actual products. After design concepts generated from Chapters 3 and 4, the
interactions of function attributes between each candidate modules are presented in Chapter 6 for
simulating next generation products’ operational faults. Each chapter discovers function attributes

31
from multiple product domains by employing the Latent Dirichlet Allocation (LDA) algorithm.
This chapter lays the conceptual foundations from which different stages of the design process are
explored in Chapters 4, 5, and 6. Chapter 7 is an extension of Bisociative Design that includes
End-Of-Life (EOL) products, where sustainable product attributes are explored.

3.1 Methodology for identifying next generation product attributes
This work quantifies the similarities between descriptive design requirements and function
attributes in order to identify new product attributes for next generation products. Therefore,
designers can reduce manual efforts to search new product attributes for creating next generation
products. In this dissertation, these attributes are discovered from different domains that are not
related with designers.

3.1.1 Creating a database of products
The first step in the methodology is to acquire existing product data in order to access a
database of products, as shown as Figure 3-1.

Figure 3-1 A product database consisting of forms and functions
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A digital 3D mesh file (such as a file in STeroLithography; STL format) that represents a
product’s form can be acquired from a company’s product design database or an open data source
(GrabCAD) (“Https://grabcad.com/”).
Data pertaining to a product’s functions can be collected from the textual data that
describes it, which can be found in official specification documents, technical manuals, or patents
(Tucker and Kang 2012; S. W. Kang et al. 2013). The collected data sets are integrated into one
database with a structured format, as shown in Figure 3-2.

Figure 3-2 A database consisting of product functions

It is assumed that each product has a unique identification number (ID) that will be used
as the primary key for retrieving corresponding descriptions (di) in the methodology. Each
description (di) is structured with the number of paragraphs (Fa), and these paragraphs are
composed of textual terms (tx) as the following representations.
di: represents the textual description of product i
tx: represents the xth term that composes the textual description of product i
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Fa: represents the ath function attribute (paragraph) in the functional description of
product i
Mi: represents the number of functions of product i. This is the same as the number of
paragraphs (specifications) in the product’s functional description

The parameter Fa also indicates each function attribute that can found in the textual
descriptions existing in the product database. For instance, let us assume product i=1 (di=1) has 27
function attributes (Mi=1 = 27; Fa=1, Fa=2, Fa=3, … Fa=27), then the first function attribute of the
second product in the database (di=2) is described as Fa=28. Therefore, the total number of function
attributes (Fa) is the sum of Mi, where i =1 to n and n represents the total number of products in
the database. Because engineering documents such as product functional descriptions are
formally laid out, a paragraph of the description may contain one topic, which can be regarded as
a function attribute (Nagle 1996).

3.1.2 Extracting function attributes
In the context of engineering design, the topics of a product’s functional description can
be represented as the function attributes of the product. Since a functional description is usually
written in natural language, it includes many terms that do not provide important information.
Therefore, unnecessary terms, such as linking verbs and stop words (i.e., is, and, the, etc.), are
eliminated in order to reduce noise (Murphy et al. 2014; Munková Daša, Michal, and Martin
2014). In order to capture the function attributes from textual descriptions, all terms in the
descriptions are tagged with a part-of-speech (POS) using the Stanford Log-linear POS Tagger
(Toutanova and Manning 2000). The functional descriptions can be replaced with triplet
combinations (i.e., verb-noun-adjective/adverb) or subsets (i.e., noun-adjective, verb-adverb, etc.)
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of the combinations (Zhang et al. 2001). The National Institute of Standards and Technology
(NIST) has developed standardized representations of function attributes in order to provide a
common basis for the exchange of function attributes among individuals, teams, or software tools
involved in product development (Hirtz et al. 2002). A verb represents an action relating to a
function attribute. A noun describes a target object (i.e., component) of the action. Additional
function information is explained with complements (adjective/adverb) by describing how the
action or object is performed.
After the preprocessing step, the Latent Dirichlet Allocation (LDA) algorithm is
employed to extract the function attributes from the descriptions. LDA is a generative
probabilistic model for compilations of text corpora, which can be regarded as functional
descriptions with infinite mixtures over intrinsic topic groups (Blei, Ng, and Jordan 2003). Each
paragraph of the functional descriptions, such as patents, may represent its topic as each product’s
function attribute (Sheldon 2009). In this work, the topics from the descriptions represent the
products’ function attributes. The LDA algorithm postulates that the description is a finite mixture
of the number of functions and that each term’s establishment is due to one of the functions from
the description. LDA provides the mixing proportions of functions through a generative
probabilistic model on the basis of the Dirichlet distribution, as shown in the following equation
(3-1):
𝑀𝑖

𝑝(𝑡𝑥 |𝑑𝑖 ) = ∑ 𝑝(𝑡𝑥 |𝐹𝑎 )𝑝(𝐹𝑎 |𝑑𝑖 )
𝑎=1

where,
di: represents the textual description of product i
tx: represents the xth term that composes the textual description of product i
Fa: represents the ath function attribute (paragraph) in the functional description of
product i

(3-1)
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Mi: represents the number of functions of product i
LDA extracts function attributes by computing a probability (p(Fa|di)) of a function (Fa)
being a topic of a description (di), where each term retrieval probability p(tx| Fa) quantifies each
function attribute being a keyword of a function (Fa). Each product’s function is sequentially
extracted with topic probabilities p(Fa|di), as shown in Table 3-1.

Table 3-1 Extracted function attributes for product 1
ID(i)
1

Product
camera

Function 1
p(Fa=1|di=1)

Function 2
p(Fa=1|di=1)

…
…

Function Mi=1
p(Fa=M1 |di=1)

Table 3-1 demonstrates a structural example of how each product’s functions can be
extracted. These function attributes represent the topics of each functional description in terms of
contextual semantics. Each product’s function attributes are extracted with fewer terms than its
entire textual description. On the basis of function attributes that are extracted from LDA, Chapter
4 identifies function attributes that have the potential to increase next generation product sales in
the market. Chapter 5 utilizes function attributes in order to create initial design concepts for next
generation products. Finally, the interactions between each module’s functional attributes are
measured in Chapter 6, which supports designers to create detailed designs for next generation
products.

3.1.3 Extracting form attributes
A form attribute represents the physical configurations of a product. In order to create
actual products, designers need to describe forms of products that can be manufactured. To
understand the form of products, it is crucial to consider three-dimensional representations of
products in the form of mesh. This is done by converting mesh data in the form of three-
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dimensional models to Reeb graphs, which provides a graphical representation of the form of
each model. The Reeb graph as a shape retrieval technique has limitations, as explained by
Bespalov et al., and is domain specific to a large extent (Bespalov, Regli, and Shokoufandeh
2003). This work employs a generic Reeb graph technique adopted by Doraiswamy et al. to
evaluate the form of the products (Harish Doraiswamy and Natarajan 2012), although the
methodology presented in this chapter is not limited to Reeb graph techniques to quantify form
similarity. Other shape geometry retrieval solutions as discussed by Iyer et al. can also be
employed within domains to evaluate form and to compare products (Iyer et al. 2005). Figure 3-3
shows the 3D object on the left and its corresponding Reeb graph on the right. The generation of
a Reeb graph represents the connectivity of the various level sets of a 3D model, where each level
set (represented by lines parallel to the horizontal in Figure 3-3) is the projected 2D section of the
model at varying distances from a base reference plane.

Figure 3-3 Reeb graph sample visualization

The method employed to determine the Reeb graph is based on the determination of isosurface parameters at increasing level set values (along the Z axis) through the generated image
model (Harish Doraiswamy and Natarajan 2009). Based on the generated graphs for the various
products, graphical similarities, which are a representation of the similarities in form between
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graphs, are calculated for each possibility. The process to efficiently generate and compare the
Reeb graph topologies is carried out based on research by Doraiswamy and Natarajan (Harish
Doraiswamy and Natarajan 2009). Based on Morse’s theory of surface manifolds, which studies
the differential equation of the topology, the Reeb graph is computed using a step-wise iteration,
as described in Figure 3-4.

Figure 3-4 Reeb graph computation for products’ form extraction

The first step involves the sorting of vertices or coordinate points in the point cloud mesh
data that make up the 3D model in increasing order of their function value from a set reference
plane (the XY plane is considered the reference for the explanation). For the purpose of simple
validation, all points in the mesh of the 3D model are assumed to have equal weights or
functional value. The next step involves establishing the Reeb graph function, which has an initial
value of “NULL” and, as the algorithm is iterated, stores the critical point data. The output of the
Reeb graph is generated based on this function. The computational step checks the iso-surface
parameter at each node and continuously returns the critical values to the Reeb graph function.
The final step generates the output of the Reeb graph, a sample of which is shown in Table 3-2.

Table 3-2 Sample output of a Reeb graph
Saddle
1
2
3

Maxima
0
0
6

Object-Level Set Data
Minima
2
4
5

︙
15644

︙
15655

︙
15623
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Each numeric value in Table 3-2 stands for the level set value, which represents the
existence of critical values (saddle, maxima and minima) in the Reeb graph. The input is
represented as a 3D triangular mesh that is generated by rendering the image dataset for a definite
number of tetrahedral blocks (Harish Doraiswamy and Natarajan 2012). The generated Reeb
graphs for products consist of critical points classified into saddle, maxima, or minima based on
the mesh analysis of each combination (Harish Doraiswamy and Natarajan 2012). These critical
points are determined based on the value of the iso-surface at each point. Maxima are points with
only lower iso-surface values, and minima are those with only higher values. Saddle points are
either points with multiple higher or lower iso-surface values. An enumerative process listing all
of these points is shown in Table 3-2.
The values in the columns indicate the increasing level set values for saddle, maxima, and
minima for the 3D model. More than one critical point configuration per level set value is
possible depending upon the topology of the model. Generated Reeb graphs from this section are
utilized in Chapters 6 and 7 to develop the initial design concepts for next generation products.
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Chapter 4
Improving Market Sales of Next Generation Products by Integrating New
Function Attributes Mined from Different Product Domains with Bisociative
Design Methodology
Since mathematical approaches extract function attributes from existing products in
Chapter 3, this section identifies new function attributes that not only satisfy the design
requirements, but are candidate attributes that have not been previously considered in a given
product. This work analyzes the impact of implementing new function attributes in next
generation products by comparing the actual market sales differences between products with new
function attributes discovered by the proposed methodology and products with function attributes
discovered using existing product design methodologies. This work hypothesizes that there exists
a correlation between products with these new function attributes and increased product sales.

4.1 Methodology for mining new function attributes from different product domains
This work quantifies the semantic similarities between descriptive design requirements and
function attributes in order to identify new function attributes that have the highest similarity to
each requirement. Therefore, designers can reduce the manual efforts needed to search for new
function attributes when creating next generation products. In this dissertation, these attributes are
discovered from different domains that are not related to the primary product domain of interest.
Collecting existing products’ functional descriptions in a structured database allows
designers to search for function attributes that can fit design requirements across different
products. In order to identify which product’s function attributes are closest to design
requirements, LDA is employed in this research for analyzing the semantic similarities between
the product’s functional descriptions and the described requirements. The methodology aims to
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provide new function attributes that have the potential to increase next generation product market
sales.

4.1.1 Identify new function attributes for next generation products
Once each function attribute of product i is quantified by employing the LDA algorithm,
designers can search for which product function attributes are closest to design requirements
based on the following equation:
𝐹𝑟 ∩ 𝐹𝑎
𝐹𝑟 ∪ 𝐹𝑎

Sim(𝐹𝑟 , 𝐹𝑎 ) =

(4-1)

subject to,
𝐹𝑟 ∈ 𝑅

(4-2)

𝐹𝑎 ∈ 𝐴

(4-3)
𝑛

count(𝐴) = ∑ 𝑀𝑖

(4-4)

𝑖=1

where,
Fr: represents each design requirement
R: represents a set of the design requirements
Fa: represents each function attribute discovered in the textual descriptions existing in the
product database
A: represents entire sets of the function attributes in the database
Mi: represents a set of product i’s function attributes
n: represents the total number of products existing in the database
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In the engineering design field, design requirements guide designers in compiling,
organizing, and analyzing function attributes that should be considered during the new product
development process (Rounds and Cooper 2002). The design requirements are described on the
basis of a company’s standards, such as ontologies, which are formal descriptions of engineering
objects and their attributes, constraints, and relationships. This section of the methodology
explores the semantic similarity between these requirements and the extracted function attributes
from Section 3.1.2. The similarity values are measured on a {0,1} scale, where 1 represents the
highest similarity between the function attribute and the design requirement, and 0 represents
function attributes completely unmatched with the design requirement.
In order to identify new function attributes that can be semantically matched with each
requirement, the methodology iteratively processes a similarity measure (Equation (4-1)) for
searching function attributes that have the maximum results with the requirements. The algorithm,
as shown in Figure 4-1, logically describes this iteration process.

Figure 4-1 Pseudo code of new function attribute identification algorithm

On the basis of each design requirement (Fr) and function attribute (Fa), this work
compares similarity values between the requirements and attributes in order to search the
maximum similarity value. Since each function attribute is comprised of terms, the algorithm may
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extract the same function attributes (i.e., the same terms, the same similarity value) for the new
function attribute (Fl) that satisfies a certain function requirement. For instance, let the algorithm
result in the same function attributes (i.e., hydraulic suspension) from product 1 (i.e., an aircraft)
and product 2 (i.e., a car). The designer then needs to choose one of the attributes from the
products, which operate in different ways. The methodology presented in this chapter reduces the
above case by identifying the new function attribute (Fl) from the most similar product to the set
of design requirements on the basis of each product’s function sets. Equation (4-5) compares the
entire functional similarity between a set of design requirements and the sets of each product’s
function attributes. Note that Equation (4-5) applies only if the algorithm (Figure 4-1) results in
the same function attributes such as the ones mentioned above (i.e., hydraulic suspension from an
aircraft and a car).
Sim(𝑅, 𝐹𝐴𝑖 ) =

𝑅 ∩ 𝐹𝐴𝑖
𝑅 ∪ 𝐹𝐴𝑖

(4-5)

where,
R: represents a set of the design requirements
𝐹𝐴𝑖 : represents a set of product i’s function attributes discovered from the proposed
methodology (referring to Table 3-1, Fa=1…, M1 ∈ 𝐹𝐴1 )

The methodology selects a new function attribute, which is extracted from a product that
has the highest similarity to the set of design requirements by Equation (4-5). Therefore, the
methodology manages redundant data and maintains analogical function retrieval.
The methodology provides designers with new function attributes that are not only close
to the requirements but are also different from current generation products. Therefore, the next
generation product has the potential to remain competitive in the marketplace by satisfying
market needs with new function attributes as well as differentiating these attributes from current
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products. To evaluate the research hypothesis in this chapter, the next section demonstrates the
methodology with actual market sales data and functional descriptions relating to each bicycle
transmission system: electronic gear shifting systems as next generation products and wire
tension bicycle transmission systems as current products.

4.2 Case study
This section analyzes each product’s market sales data and functional descriptions collected from
Shimano’s bicycle component division. Shimano deals in bicycle transmission systems, with a
70% market share throughout the world (Yamada 2014). The case study demonstrates each step
of the methodology to test the hypothesis of this research. Shimano products are categorized into
two types of transmission systems: automatic transmission systems and traditional transmission
systems. This company’s innovation in product development has promoted the recent release of
new types of automatic transmission systems (Di2) in the commercial market (Austen 2009;
Takeishi and Aoshima 2006).
The Di2 system uses electronic power to shift gears by sending digital signals rather than
moving the gears with physical wire tension. In order to allow riders to focus on cycling (a
common customer demand), Shimano designers applied new function attributes from products not
related to a bicycle domain to develop a tension-free transmission system (Mossman 2005). The
spec comparison between Di2 systems and non-Di2 systems is described below in Table 4-1.
In order to test the hypothesis of this chapter, this section collects related patents, issued
from 1976 onwards, as functional descriptions for each system, because according to The United
States Patents and Trademark Office (USPTO), patents from 1976 onwards contain the full
contents (USPTO 1994). Between 2008 and 2015, a total of 42 patents were found to be related to
the Di2 systems, while a total of 142 patents were found to be related to the non-Di2 systems. In
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the Di2 systems, Shimano designers cited 26 patents relating to different product domains that
introduced new function attributes, such as an automatic gear shift and an electronic switch.
These function attributes were integrated into the design of the Di2 parts (Table 4-1) that differ
from the non-Di2 systems.

Table 4-1 Spec comparison between Shimano's Di2 system and non-Di2 system
Parts
PC interface

Specs
It is a control system that contains a power source
(battery) for the entire transmission system and
converts electronic signals from each shifter and
derailleur.

Di2
electronic
signal
control

Non-Di2
N/A

shifter

It is lever that operates the gear switch.

electronic
signal
control

manual
tension
control

derailleur
(front) (rear)

It is a chain drive system that shifts chains on a
crankset (front derailleur) or sprockets (rear
derailleur).

electronic
signal
control

manual
tension
control

wire

It transmits interactive signals from each shifter to
each derailleur.

crankset

It is a power transfer system that converts human
power to bicycle speed.

electronic
signal
control
identical

manual
tension
control
identical

sprockets

It is a power transfer system converting human
power to a rear wheel.

identical

identical

chains

It is a system of interlinking pins, plates, and rollers
that transmits power from the crankset to the
sprockets.

identical

identical
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Thirty-five patents from different product domains are cited in the non-Di2 systemrelated patents. However, the technologies from these patents have not contributed to designing
the non-Di2 systems, which were launched in 2008. These patents have been cited for creating
the initial versions of each system model, which could be considered next generation products in
certain eras. For instance, Shimano Total Integration (STI) levers, which are still implemented in
the current systems, were launched in 1990. Therefore, these 35 patents are out of the scope of the
analysis, since there are no new attributes relating to systems designed between 2008 and 2015.
Each patent related to both systems (Di2 and non-Di2) is described in APPENDIX A and B. This
work reveals that new function attributes from different product domains were employed in the
design of the Di2 systems, whereas these attributes were not found in the non-Di2 systems.
Therefore, it can be observed that Di2 systems increase market sales, compared to non-Di2
systems”. By comparing the market sales related to each system, the above question is answered
in Section 4.3.
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Figure 4-2 Shimano's bicycle division market sales data (Shimano Inc 2015a)

The case study analyzes the sales data to demonstrate how the Di2 systems have
increased market sales more than other products, as shown in Figure 4-2. From 2008 to 2015,
Shimano made 29 products, including four Di2 systems: DURA-ACE Di2, ULTEGRA Di2, XTR
Di2, and ALFINE Di2. Each Di2 system has been categorized into different bicycle models. The
Di2 systems for both DURA-ACE and ULTEGRA are developed for road cycling. XTR Di2 and
ALFINE Di2 are built for mountain biking and city biking (for comfortable riding in daily life),
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respectively. The Di2 systems are developed for the top lines of each bicycle model (i.e., road,
mountain, city). To verify the impact of the Di2 systems on market sales, this chapter analyzes
the correlation between the sales difference values and the product launch events for each period
(Qn+1-Qn). On the basis of Figure 4-2, 34 products were launched during the 29 periods (i.e., from
08’Q1 to 15’Q2). For instance, the sales difference value of period 1 (08’Q2-08’Q1) is 2,366
Japanese million yen: 45,639 Japanese million yen (sales of 08’Q2) – 43,273 Japanese million
yen (sales of 08’Q2).
This research sets up the launch event as a binary value (i.e., 0 or 1) for each quarter. For
instance, the launch event is assigned 0 for period 1 (08’Q2-08’Q1), since there were no products
launched at the time of Q1. The launch event is assigned 1 for period 3 (08’Q4-08’Q3), since two
products (DURA-ACE and SAINT) were launched at the time of Q3. There are correlations
between each product launch event and each sales difference for each period (i.e., a total of 29
periods) on the basis of r = 0.58 and p < 0.001.
On the basis of the above analyses, the Shimano case is suitable test data for testing the
hypothesis of this research by demonstrating each step of the methodology, which aims to
provide new function attributes to designers for creating next generation products. Searching new
function attributes for creating next generation products (i.e., the Di2 systems) across multiple
different domains challenges designers. The methodology in this work extracts new function
attributes that have contributed to creating the Di2 systems by searching various function
attributes from different products that are closest to the following design requirements (Fr). Note
that the Di2 systems have already been launched in the market in accordance with design
requirements. Therefore, this case study retrieved these requirements from the Di2 systems’
official specs (Shimano Inc 2015b):
Fr=1: Shift gears automatically
Fr=2: Operate transmission electronically
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Fr=3: Electronic switch to change transmission
Fr=4: Connect the system via electrical wire

4.2.1 Creating a database of products
The form of a product can be represented as multiple meshes (i.e., STL file) to create a
design repository. Since the gear shifting system is a subassembly of a bicycle, each data set in
the database is also filled with subassemblies from multiple products, as shown in Table 4-2.

Table 4-2 A database containing the functions of each product
ID(i)
1
2
3
4
5
6
7
8
9
10
11
12

Product
automotive transmission system (a)
automotive transmission system (b)
automotive brake system (a)
automotive brake system (b)
phone camera system (a)
phone camera system (b)
tablet display system (a)
tablet display system (b)
marine transmission system (a)
marine transmission system (b)
aircraft engine system (a)
aircraft engine system (b)

Description (di)
US2002002641: “A motor vehicle … mode …”
US5954178: “A control unit … motor …”
US7219965 : “ A brake lever …foot …”
US7357464: “The brake … design …”
US7502558: “An optical arrangement …”
US7585121: “The camera module …body …”
US20050030706: “A monitor combining …”
US20070097014: “Electronic … preferably …”
US20100248565: “The boat .. propulsion …”
US6123591: “A marine …reverse drive …”
US20090212156: “A power unit …electric …”
US20140244133: “Combustion … airflow…”

The number of each product’s function attributes (Mi) is quantified using the number of
paragraphs in the collected descriptions: Mi=1 = 46, Mi=2 = 299, Mi=3 = 14, Mi=4 = 11, Mi=5 =
22, Mi=6 = 14, Mi=7 = 19, Mi=8 = 11, Mi=9 = 74, Mi=10 = 39, Mi=11 = 21, Mi=12 = 37

4.2.2 Extracting function attributes from each product’s functional descriptions
The collected descriptions are pre-processed by multiple natural language processing
techniques. Stop words and linking verbs are removed for reducing noise. The POS tagger
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captures each term (i.e., verbs, nouns, adjectives, and adverbs) in the descriptions, and transfers
each description into formalized textual data sets before performing LDA, as shown in Table 4-3.

Table 4-3 Pre-processed functional descriptions
ID
(i = 1 to 12)
1
︙
12

Product
automotive transmission
system (a)
︙
aircraft engine system (b)

Pre-Processed Description (n: noun, v: verb,
adj: adjective, adv: adverb)
“wheels (n) vehicle (n) driven (verb), …,
device (n) functionally (adv), …”
︙
“Combustion (n) turbine (n) include (v)
compressor (n), …, compressed (adj) …”

Given the functional descriptions of the 12 products, the methodology extracts each
product’s function attributes, as shown in Figure 4-3. Based on each number of paragraphs in the
collected descriptions, LDA extracts more than 600 function attributes from the entire function
descriptions (A): count(𝐴) = ∑𝑛𝑖=1 𝑀𝑖 = 607, referring to equation (4-4), where Mi=1 = 46, Mi=2
= 292, Mi=3 = 14, Mi=4 = 11, Mi=5 = 22, Mi=6 = 14, Mi=7 = 19, Mi=8 = 11, Mi=9 = 74, Mi=10 =
39, Mi=11 = 21, Mi=12 = 37.

Figure 4-3 Extracted function attributes from each product
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After LDA extracts each function attribute from each product, this research aggregates
each function into a set of function attributes (referring to Equation (4-1)): producti=1’s first
function is represented with Fa=1 … producti=12’s the last function is represented with Fa=607.

4.2.3 Identifying new function attributes for the Di2 system
Searching for the closest function attributes (Fa) to the design requirements (Fr) is the
final step of the case study presented in this research. In order to identify the new function
attributes for the Di2 system, the methodology quantifies the semantic similarities (Equation
(4-1)) between each product’s function attribute and design requirements, as shown in Table 4-4.
The new function attributes implemented to create the Di2 systems are identified from
patents related to each automotive transmission system (a) and (b) (ID: 1 and 2, referring to Table
4-4) by quantifying the maximum similarity values in Table 4-4 with the new function attribute
algorithm (Figure 4-1) and Equation (4-5) in Section 4.1.1.

Table 4-4 Quantified similarity between function attributes and design requirements
Fa

Product (ID)
Fr
Fr=1: shifts
gear
automatically
Fr=2: operates
transmission
electronically
Fr=3:
electronic
switch change
Fr=4: connects
electrical wire

…
Fa=46: …
select
manually
driver
…

Fa=571: …
includes
operational
turbine
12

Fa=607:
transfers
independent
gas

0.333 …

0 …

0 …

0

0.667 …

0 …

0.333 …

0

0 …

0 …

0 …

0

0 …

0 …

0 …

0

Fa=1:
operating
transmission
automatically
1
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Table 4-5 describes each similarity value between the identified function attributes and
the requirements. Each design requirement corresponds with each function attribute from
products 1 and 2: Sim (Fr=1, Fa=53) = 0.667, Sim (Fr=2, Fa=59) = 1, Sim (Fr=3, Fa=2) = 0.667, and
Sim (Fr=4, Fa=205) = 0.667.

Table 4-5 Identified new function attributes for the Di2 system
Fl (Fa)

Fl=1 (Fa=53):
automatically
transmit gears

Fl=3 (Fa=2):
changing switch
automatically

Fl=4 (Fa=205):
connects
transmitting wires

2

Fl=2 (Fa=59):
operates
transmission
electronic
2

product (ID)
Fr
Fr=1: shifts gear
automatically
Fr=2: operates
transmission
electronically
Fr=3:
electronical
switch change
Fr=4: connects
electrical wire

1

2

0.667

0

0.333

0

0.333

1

1

0.333

0

0.333

0.667

0

0

0.333

0

0.667

The function description (US20020026841) of automotive transmission system (a) was
referenced in Shimano’s patent (US6682087) to develop the transmission control system for the
Di2 systems (Takeda 2004). The function description (US5954178) of automotive transmission
system (b) was referenced in Shimano’s patent (US8282519) to design the electronic derailleur
for selecting multiple gears to change speed in the Di2 systems (Ichida and Fujii 2012). In order
to verify the feasibility of the methodology presented in Section 3.1, this research analyzed 42
patents closely related to Shimano’s electronic transmission systems by processing the same steps
shown in this case study. Since the Di2 systems have already been launched into the market,
design requirements that have used for creating certain functions for these systems can be found
in the description section of each patent, which explains the objects of the invention. Although
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some inventions related to the Di2 systems were patented back in the 90s, the actual product was
commercialized in 2009. Competitors such as Campagnolo, who also developed an electronic
transmission system in the past (1992), launched a product (EPS) similar to the Di2 in 2012
(Campagnolo Corp 2012). This occurred due to fact that related technologies that met the
function attributes were not advanced enough in the past. For instance, electronic parts (i.e.,
batteries, computing systems, motors) that can be fitted to bicycles had low mechanical and
electronic performance (Campagnolo Corp 2012).
To demonstrate how the Di2 systems increase market sales, this chapter compares each
market sales quarter with the statistical verification models presented in Section 4.3.

4.3 Results and discussion
Comparing the collected function descriptions (i.e., patents) related to each transmission system
(i.e., the Di2 and non-Di2 systems launched since 2008) shows that the Di2 systems have been
designed with function attributes from other product domains, whereas non-Di2 systems have
been created with bicycle-related function attributes.

Table 4-6 Number of patents that are related to each system
Products launched since 2008
Number of related patents
Number of other product domain patents that have been cited in the
related patents

Di2
42
26

Non-Di2
132
0

Referring to Section 4.2, 35 patents from different product domains were discovered from
the non-Di2 system-related patents. However, these other product domain patents were employed
for designing each initial version of the non-Di2 systems, which were created before 2008. Since
these patents are not in the scope of this work, the actual result for the case study indicates that no
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patent has been cited for designing the recent versions of non-Di2 systems (i.e., launched since
2008). Twenty-six patents (referring to Table 4-6) have been discovered from 11 patents among
the 42 patents related to the Di2 systems, as shown in Table 4-7.

Table 4-7 Non-bicycle domain patents that are related to the Di2 system
Di2 patents

Different product domain patents cited by Di2 patents

US6835148

US4922424

US7874567

US6480761, US20050200606

US7651423

US4391159, US4520907, US4817463, US5004077, US5832784

US8286529

US6498474, US7104152

US20060183584

US4790202, US6357313

US20070191159

US5407101

US8282519

US5180959, US5954178

US6741045

US4638496, US5424709, US5952914, US642644

US7980974

US4928206, US5903440, US6842325, US6909405, US2005001404

US6682087

US20020026841

US7306531

US5025563

The methodology presented in this research identifies new function attributes for the Di2
systems from 19 patents among these 26 patents (referring to Table 4-7): US4922424,
US6480761, US4391159, US4817463, US5004077, US5832784, US7104152, US4790202,
US6357313, US5407101, US5180959, US5954178, US5424709, US5952914, US4928206,
US5903440, US6909405, US2005001404, US5025563. This research includes 10 patents that are
unrelated to the Shimano case (referring to Table 4-2). From a total of 11 experiments, the
methodology did not select any of these patents. Therefore, this research shows that the
methodology has 73.08% accuracy when benchmarked against the actual Shimano case.
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Since this work presents feasible results compared to the actual Shimano case, which has
been shown to be effective for developing a new product, the following sections discuss next
generation products’ impacts on an increase in market sales.

4.3.1 Identifying new function attributes for the Di2 system
This section demonstrates how launching the Di2 systems has impacted market sales. In
order to test the hypothesis of this research, this section compares the market sales variation
between each system launch quarter and the next quarter. Please note that Shimano produces
bicycle transmission systems. Therefore, most of the sales proceeds come from bicycle assembly
companies (i.e., business-to-business model) such as Trek, Giant, and Specialized, which results
in financial transactions during the next fiscal quarter from the product sales period.
The Di2 systems were launched in five quarters from 2008 to 2015 (referring to Figure
4-2). In order to analyze the impact of the Di2 systems on market sales, this research quantifies
the sales difference from each quarter, as shown in Table 4-8. Each period related to the Di2
system launch is highlighted with asterisks: 09'Q4-Q3, 11'Q4-Q3, 13'Q4-Q3, 14'Q3-Q2, and
14'Q4-Q3.
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Table 4-8 Sales difference between each quarter
Period

Sales difference
(Japanese million yen)

Period

Sales difference
(Japanese million yen)

08'Q2-Q1

2366

12'Q1-11'Q4

1213

08'Q3-Q2

-1053

12'Q2-Q1

-1611

08'Q4-Q3

7912

12'Q3-Q2

27

09'Q1-08'Q4

17182

12'Q4-Q3

3737

09'Q2-Q1

-2511

13'Q1-12'Q4

-831

09'Q3-Q2

1940

13’Q2-Q1

3836

09'Q4-Q3

7257 *

13'Q3-Q2

-1882

10'Q1-09'Q4

-2079

13'Q4-Q3

4999 *

10'Q2-Q1

1750

14'Q1-13'Q4

2965

10'Q3-Q2
10'Q4-Q3
11'Q1-10'Q4
11'Q2-Q1
11'Q3-Q2

-116
4699
-5454
2658
990

14'Q2-Q1
14'Q3-Q2
14'Q4-Q3
15'Q1-14'Q4
15'Q2-Q1

3613
6067 *
6790 *
4422
-878

11'Q4-Q3

4145 *

Compared to other periods, which launched traditional bicycle transmission systems (i.e.,
three different products were launched in 10’Q2) or nothing (i.e., 10’Q4), market sales increased
in all of the periods related to the Di2 systems launch. Furthermore, only the Di2 systems were
launched in these quarters: 09’Q3, 11’Q3, 13’Q3, 14’Q2, and 14’Q3. Table 4-9 summarizes the
sales variation impacts of the Di2 systems.

Table 4-9 Sales comparison between the Di2 system launch periods and the other periods

Periods related to the Di2
systems launch
Periods not related to the Di2
systems launch

Likelihood of
sales decrease
(%)

Likelihood of
sales increase
(%)

0

100

41.667

58.333

Average sales increase
(Japanese million yen)
5851.6
355.458
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4.3.2 Radical market sales increase by launching new products with new function attributes
from different product domains
These innovative products did not just increase market sales. By analyzing the
differences in sales across the periods, this chapter reveals that the Di2 systems radically
increased market sales, as shown in Figure 4-4.

Figure 4-4 Box-and-whisker plot on sales difference

In statistics, the values that are higher than the upper limit of the box (i.e., 4699 in Figure
4-4) are identified as the top 25% across the entire values in the box-and-whisker plot. This
research explores each sales difference value that overwhelms the upper limit of the box, which
presents a radical increase in market sales. Please note that the difference between each market
sales value represents absolute numbers, since this plot is employed for analyzing the amount of
sales difference. Therefore, each period 09’Q1-08’Q4 (actual difference value: -17182) and
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period 11’Q4-Q3 (actual difference value: -5454) is not considered a radical market increase
period. The market sales radically increased in each period 08’Q4-Q3 (7912), 09’Q4-Q3 (7527),
10’Q4-Q3 (4699), 13’Q4-Q3 (4999), 14’Q3-Q2 (6067), and 14’Q4-Q3 (6790), respectively.

Table 4-10 Radical sales increase comparison between the Di2 system launch periods and the
other periods based on a box-and-whisker plot
Likelihood of radical market sales increase (%)
Periods related to the Di2 launch
Periods not related to the Di2 launch

80
8.333

Table 4-10 demonstrates that the Di2 systems have larger impacts on a radical sales
increase than the other products. In terms of the Di2 system launch period, four of the five (80%)
periods related to the radical sales increase periods (09’Q4-Q3, 13’Q4-Q3, 14’Q3-Q2, 14’Q4Q3), while periods not related to the Di2 systems launch were related two over 24 (8.333%) to the
radical sales increase periods (08’Q4-Q3, 10’Q4-Q3).

Figure 4-5 Sales difference deviation analysis from 2008 to 2015
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Analyzing sales deviation across the periods also verifies that the Di2 systems radically
increase market sales, as shown in Figure 4-5. The standard deviation (σ) of the sales difference is
quantified as 4732.581. In statistics, the standard deviation is a measure that quantifies the
amount of variation. This research explores each deviation value that overwhelms the positive
standard deviation, thereby identifying a radical increase in market sales. The market sales
radically increased in each period 08’Q4-Q3 (6608.931), 09’Q4-Q3 (5953.931), 14’Q3-Q2
(4763.931), and 14’Q4-Q3 (5486.931), respectively.

Table 4-11 Radical sales increase comparison between the Di2 system launch periods and the
other periods based on deviation analysis
Likelihood of radical market sales increase (%)
Periods related to the Di2 launch
60
Periods not related to the Di2 launch
4.167

Table 4-11 demonstrates that the Di2 systems have a larger impact on radical sales
increase than the other products. In terms of the Di2 system launch period, three of the five (60%)
periods related to the radical sales increase periods (09’Q4-Q3, 14’Q3-Q2, 14’Q4-Q3), while
periods not related to the Di2 systems launch were related one over 24 (4.167%) to the radical
sales increase periods (08’Q4-Q3).

4.4 Summary of Chapter 4
This chapter explores function attributes from multiple products’ function descriptions and
quantifies the semantic similarities between design requirements and the extracted function
attributes. To support designers in identifying function attributes for creating next generation
products, the methodology presented in this chapter extracts new function attributes that are
semantically closest to the design requirements. In order to analyze the impact of new function
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attribute implementations on market sales, this research conducts a case study by performing the
methodology with actual market sales data and patents related to different types of transmission
systems from Shimano’s bicycle component division.
This work hypothesizes that developing next generation products with these new
function attributes correlates to increased product sales. The case study demonstrates that
launching next generation products (the Di2 systems) into the market correlated to an increase in
sales, compared to selling traditional products (non-Di2 systems). From 2008 to 2015, the
likelihood of a sales increase for the Di2 systems is 100%, while the likelihoods of a sales
increase and decrease for non-Di2 systems are 58.333% and 41.667%, respectively. The average
sales increase during this period is 5851.6 million yen for the Di2 systems and 355.458 million
yen for non-Di2 systems. Actual market sales data from Shimano shows that launching next
generation products (i.e., the Di2 systems) that operate new function attributes (i.e., electronic
gear shifting function) correlated to a radical increase in product sales. Through analyzing the
differences in sales across each quarter during 2008 to 2015 using a box-and-whisker plot, the
likelihood of a radical market sales increase for the Di2 systems is 80%, while the likelihood of a
radical sales increase for non-Di2 systems is 8.333%. An analysis of the sales deviation across
each quarter during 2008 to 2015 shows that the likelihood of a radical market sales increase for
the Di2 systems is 60%, while the likelihood of a radical sales increase for non-Di2 systems is
4.167%.
By analyzing functional descriptions related to each system, this study discovers that the
Di2 systems have been designed with new function attributes from different product domains,
whereas non-Di2 systems’ functions incrementally improved. Therefore, designers need to
actively search for new function attributes, which results in developing competitive and highly
differentiated designs for next generation products. This research aims to support the designers by
providing new function attributes that correlate to increased product sales.
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Chapter 5
Automated Concept Generation Based On Function-Form Synthesis

The methodology presented previously in Chapter 4 provides designers with function attributes
that can increase next generation product market sales. This chapter supports designers with initial
product design concepts in terms of form and function. This chapter hypothesizes that the similarity
between generated concepts from the methodology and the actual product (i.e., the designers’ objective)
is higher than the similarity between the source products (i.e., products that have been used in the NPD
process to create the actual product) and the actual product. Design concepts are generated by
synthesizing function attributes, which are discovered from multiple product domains, with a similar text
mining technique (LDA), which is described in Chapter 3. Since initial design concepts impact final
design outcomes, generating the concepts that are closest to next generation products can support
designers to simulate product performance (Yang 2003). An actual product has been set as the designers’
objective in this chapter in order to demonstrate how the methodology can generate design concepts that
are more similar than source products that have been used in the NPD process to create the actual product.
In this chapter, morphing actual products that correspond with the function attributes generates visual
design concepts.
The methodology presented in this chapter aims to create feasible design concepts for next
generation products by enhancing the products’ distinctiveness through function-form synthesis. A data
mining-driven methodology that searches for novel function and form candidates suitable to include in
next generation product design is introduced in this chapter. The methodology employs a topic modeling
algorithm to search for functional relationships between the current product design and designs from
related/unrelated domains. Combining the current product design and candidate products’ form and
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function, which are acquired from related/unrelated domains, generates next generation design concepts.
These resulting design concepts are not only distinct from their parent designs but are also likely to be
implemented in the real world by containing novel functions and form attributes. A hybrid marine model,
which is differentiated from both the current design and candidate products in related/unrelated domains,
is introduced in the case study in order to demonstrate the proposed methodology’s potential to develop
concepts for novel product domains. By comparing the form and function similarity values between
generated design concepts, an existing hybrid marine model (Wing In Ground effect ship: WIG), and
source products, this chapter verifies the feasibility of these design concepts.

5.1 Methodology for creating initial design concepts
The methodology presented in this chapter automatically generates candidate design concepts that can
satisfy designers’ functional requirements. A topic modeling technique based on the Bayesian model is
employed in this chapter in order to identify which product’s function is closest to designers’ functional
requirements by analyzing the semantic similarities between the product’s functional description and
written requirements. The methodology identifies potential products existing in the product database that
satisfy designers’ functional requirements. In order to generate design concepts for next generation
products that are differentiated from the proceeding generation’s products, this chapter generates design
concepts by reducing the form and function similarities between each product while combining these
products’ design characteristics
The methodology aims to suggest design directions during the early stages of the design process
by exploring products that satisfy design requirements in terms of form and function. Collecting existing
products’ form and function attributes in a structured database allows designers to automatically search
design knowledge across different products that can fit the designers’ requirements. This process will
create design concepts for novel product designs that differ from the existing product domains.

62

5.1.1 Identifying candidate products with functional similarities
Compared to Chapter 4, which identifies low level systems (i.e., a module that contains simple
functions), this section identifies high level systems, which are products that contain multiple function
attributes. When considering a complex product (i.e., operating multiple functions) in the NPD process, a
product and its components can contain more than one product attributes. Therefore, it is hard to
disassemble a product with a component that serves a single function in the actual product design.
Therefore, this chapter addresses high level systems that operate multiple function attributes. This section
aims to identify each product based on the semantic similarities between design requirements and the
product’s functional attributes. In this research, text mining techniques based on LDA are utilized similar
to Section 3.1.2 in Chapter 3.
Figure 5-1 describes the overall product identification process with sample functions. Since both
functions from designers’ requirements and descriptions are textual in nature, a text mining technique is
employed in the methodology in order to derive key terms (ti,f as shown as Figure 5-1) that are composed
of functions from the descriptive data. Searching the similar terms between the requirements and the
descriptions identifies products that can satisfy designers’ functional demands without overlapping each
other.
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Figure 5-1 Product identification process

Once each term representing the functions of product i’s functional description is located using
the LDA algorithm, products’ functionally close to the requirements can be searched using the following
equation:
Sim(𝑡𝑟 , 𝑡𝑖,𝑓 ) =

𝑡𝑟 ∩ 𝑡𝑖,𝑓
𝑡𝑟 ∪ 𝑡𝑖,𝑓

(5-1)

Designers can select different products for concept generation without functional overlapping by
combining Equation (5-1) and the following equation:
𝑡𝑖′𝑓 = 𝑡𝑟 ∩ (𝑡𝑟 ∩ 𝑡𝑖,𝑓 )𝑐

(5-2)

where,
ti’f: represents the terms that can be found in a textual description of product (i’)
tr: represents the terms that can be found in designers’ requirements.

The above Equation (5-2) searches terms (tr) for requirements that have not been recognized as
product (i)’s functional terms (ti,f).
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5.1.2 Creating initial design concepts
The methodology combines both the forms and functions of the products that meet the
requirements by reducing the similarity between the products in order to create differentiated domain
concepts from the current domains.

5.1.2.1 Combining product forms
Since a form attribute represents the physical configurations of a product, designers need to
create design concepts that incorporate the form attributes of the product for the manufacturing process. In
order to generate differentiated 3D forms for novel product domains from the selected products in Figure
5-1, the topology similarity between the products is extracted during the 3D form combination process.
Identifying topology similarity is done by converting 3D models’ mesh data to Reeb graphs (Section
3.1.2), which provide a skeletal graphic representation of each model (Hilaga et al. 2001; H Doraiswamy
and Natarajan 2009), as shown in Figure 5-2. In order to measure the form similarities between different
3D models, which include very complicated geometric features (i.e., 3D animated dragon, a tree with
various branches, etc.) or engineering products, representing each model as a Reeb graph is a
computationally efficient technique (Bespalov, Regli, and Shokoufandeh 2003; D. Chen and Ouhyoung
2002). The generation of a Reeb graph represents the connectivity of the critical points (each node in
Figure 5-2) on the various level sets (dotted lines in Figure 5-2) of a 3D model, where each level set is the
projected 2D section of the model at varying distances from a base reference plane. The generated Reeb
graphs for each product consist of critical points classified into maxima, saddle, or minima based on the
mesh analysis of each combination, as shown in Figure 5-2. Maxima are points with only lower
isosurface values, and minima are those points with only higher values. Saddle points are either points
with multiple higher or lower isosurface values.
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Figure 5-2 Reeb graph comparison on level sets (Z-axis) for different 3D forms

Comparisons are drawn based on the basic evaluation of generated Reeb graphs through critical
point similarities that best represent the structure of the models. Similarity measures between the two 3D
models are therefore based on the similarities in the level sets and the critical point distributions of the
models’ Reeb graphs. The generated similarity values are based on the number of similar nodal level sets
found between the two Reeb graphs of different models. This is done using an iterative process to
compare the critical points for each similar level set. The ratio of the similar points to the total points
generated (scale of 0 to 1) in the Reeb graph data set provides the similarity ratio for each iterative
comparative model. Therefore, the methodology quantifies the form similarity between each 3D model on
a {0,1} scale, where 1 represents identical forms between two models, and 0 represents completely
different forms between two models.
A morphing technique presented in the proposed methodology aims to create differentiated 3D
forms by combining geometric traits and features from both products and by reducing similar parts
between these products. Fundamentally, the purpose of morphing within this methodology is to create a
continuum of intermediate models that share geometric traits and features from both the source and target
models. In other words, morphing presents a method for generating new models from two inputs. These
inputs will hereafter be referred to as a source and a target. This terminology refers to the typical desire to
morph a 3D model from one form to another. However, in this methodology, the direction of this
transformation is irrelevant; the intermediate forms are the desired result. The foundation of this morphing
requires a one-to-one mapping between the source and the target. In order for this to be the case, both
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models (i.e., the source and the target) must have an equivalently-sized vertex set for each level set, which
is defined in Figure 5-2. To this end, the morphing model begins with reducing the larger of the two
models’ complexity. For this process, critical nodes are uniformly removed from the model (i.e., camera
from Figure 5-2) that has more critical nodes, as shown in Figure 5-3; 19 nodes from the source model
described on the left are reduced to 12 nodes. The technique removes each node that is located on
comparably dissimilar coordinates on each level set based on the similarity measure. This simplification
process maintains topological information for each model with edges. Each node from the models is
paired on the basis of topological and geometrical regions in the level sets (i.e., each node is paired with a
blue dotted line in Figure 5-3).

Figure 5-3 Morphing source and target models

An intermediate model (red graph in Figure 5-3) is generated by multiplying a weight by the sum
of each three-dimensional coordinate values (X, Y, Z) of the paired nodes from the source and target
models, as shown in Figure 5-3. This weight represents the degree of similarity between the source and
target. This is to say that lower weights lead to generating an intermediate model similar to the source
model, whereas higher weights morph the model similar to the target model. Therefore, the proposed
methodology selects 0.5 (half from the identicalness of each product) as the weight in order to generate
the most differentiated model from each source and target.
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5.1.2.2 Combining product functions
Combining each product’s functions in order to satisfy design requirements follows a procedure
conceptually similar to the previous form combination process by reducing the functional similarity
between the products. Referring to Equations (5-1) and (5-2), designers identified each product without
functionally overlapping in regards to the designer’s requirements (tr). However, these products may have
overlapping functions, which can cause a redundancy that reduces design concept differentiation. A
functional product combination process with reducing similarity is presented in the following equation:
𝐹(𝑇𝐼 ) = 𝑡𝐼 ∪ 𝑡𝑖,𝑓′

(5-3)

𝐹(𝑡𝐼 ) = (𝑡𝑖,𝑓 ∪ 𝑡𝑖′ ,𝑓 ) ∩ (𝑡𝑖,𝑓′ ∪ 𝑡𝑖′,𝑓′ )𝑐

(5-4)

where,

Subject to previous equations (5-1), (5-2), and following conditions:

{𝑡𝑖,𝑓′ } ⊂ {𝑡𝑖,𝑓 }

(5-5)

{𝑡𝑖′,𝑓′ } ⊂ {𝑡𝑖′,𝑓 }

(5-6)

where,
TI: represents the integrated functional terms from each product (i) and (i’)
tI: represents the functional terms having no common functional terms between each product (i)
and (i’)

Removing the functional attributes from product (i’) can reduce the overlapped functions when
each feature is assumed to operate as a single function. In the context of product design, a product’s
features are defined as the conceptual modules of a product that provide functionality to the product
(Tuarob and Tucker 2014). However, features may operate multiple functions, including both designers’
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requirements and overlapped functions (Behdad et al. 2010). In order to satisfy designers’ requirements,
the functional attribute may be maintained in an combined product domain, since the overlapped function
may interact with the functions from the requirements (Gershenson, Prasad, and Zhang 2003). Also, the
methodology does not remove entire common functions, since they are not removed from product (i).
Although features from different domains may not directly interact with each other, many products have
been created using various features from different domains. A cell phone includes a global positioning
system (GPS) and camera, while an ergonomic whiteboard eraser takes its outer shape from a computer
mouse (S. W. Kang et al. 2013). Combining the functional attributes leads to generating the functional
model of a novel domain’s product design, whereas morphing 3D forms leads to providing its outer
shape.
The combination processes of both form (Section 5.1.2.1) and function (Section 5.1.2.2) reduces
the similarities between each product that represent each domain in order to provide designers with
tangible concepts for creating novel product domains that may differ from those product domains. Since
each product fulfills designers’ requirements by combining functions, this research combines product (i)
and (i’) equally without considering weight options in terms of form and function. In order to create
competitive novel product domains, the methodology presented in this work automatically generates
novel design concepts by searching multiple product domains at the beginning of the product
development process, which supports designers with novel design ideas in terms of form and function.

5.2 Case study
The following design scenario is presented to verify this work by creating a novel transportation domain
distinguished from current marine products.
Designers of a marine manufacturing company are designing their next generation product. There
is less product distinctiveness existing within the current domains (ships) from both the company
and its competitors, making them compete solely on price. In order to break through this difficult
situation, designers want to explore additional domains to search novel design concepts that can
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lead to the development of differentiated products. Designers have described the functional
requirements for novel product domains:
1. It will be a vehicle
2. It will operate over water
3. It will not be influenced by waves
4. It will operate over land
5. It will move with stability
6. It will be able to use the ground effectively
7. It will be able to fly

Different products are included in this case study for generating the design concepts of a next
generation product that satisfies not only the designers’ requests but also differentiates from the current
marine domains. Each product’s attributes are obtained from patents (function) or open source 3D shape
repositories (form): a digital camera, a cell phone, a hovercraft, a motorcycle, and an airplane, as shown in
Figure 5-4 (Bjorn-Ake 1989; Pedersen and Spirov 2011; Dubowski et al. 2011; Wah et al. 2012; Gopi
2013; Won 2006; Takenouchi et al. 2013; Hayama et al. 2013; Nakajin et al. 2013;
“Https://grabcad.com/”; Cazals and Sagne 2012; Bixel 1992).

Figure 5-4 Product 3D forms

Each function data set from a functional description is textual in nature. The following example
succinctly represents a hovercraft’s function: “Air flow causes horizontal to hover over water…(BjornAke 1989).”
The case study performs each of the following steps:
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Step 1: Each source product’s form and function attributes are acquired to construct this
database.
Step 2: Discover products from the database that have most of the functions that meet the
requirements and that include most of the functions that meet the rest of the requirements by
measuring the functional similarity between the requirements and the extracted functions from
each product’s functional descriptions.
Step 3: Morph the 3D forms from identified products in order to create an intermediate model
that differs from both products. For the function concept generation process, exclude overlapped
functions from product (i’) and then combine the rest of the functions.

5.3 Results and discussions
The critical terms representing the functional knowledge from each requirement have been illustrated in
Table 5-1 (Tucker and Kang 2012). Each cell in the table represents the requirements’ functional
probabilities, which can be found in each product’s functional descriptions. Each function from the five
products has been extracted along with the probabilities P(ti,f |qf) corresponding to each product’s
maximum number of functions.

Table 5-1 Functional probabilities (%) from each product corresponding to the requirements
Product (i = 1 to 5)
Requirements (tr)
vehicle
water
wave
land
stability
ground-effect
flight

Digital
camera (1)
0%
0%
0%
0%
7%
0%
0%

Cell phone Hovercraft
(2)
(3)
0%
0%
0%
0%
0%
0%
0%

1%
2%
1%
1%
0%
9%
0%

Motorcycle
(4)

Airplane
(5)

6%
0%
0%
1%
14%
0%
0%

0%
0%
0%
2%
3%
0%
4%
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In order to identify which product has the most similar functions from the requirements, each
functional similarity (referring to Equation (5-1)) between the products and requirements is expressed as a
percentage in the second row of Table 5-2.

Table 5-2 Functional similarity between the requirements and products
Product (i)
1
2
Functional similarity
5%
0%
vehicle
X
X
water
X
X
wave
X
X
land
X
X
stability
O
X
ground-effect
X
X
flight
X
X
*O: represents existent, X: represents non-existent

3
21%
O
O
O
O
X
O
X

4
13%
O
X
X
O
O
X
X

5
4%
X
X
X
O
O
X
O

Each cell in Table 5-2 represents the existence of the products’ functions in the designers’
requirements on the basis of functional probabilities from Table 5-1. The digital camera (i=1) has 14
functions on the basis of its functional description; however, it has only one function similar to the
requirements (5%). The functional description of the cell phone (i=2) describes 25 functions, but none of
the functions match the requirements (0%). The motorcycle (i=4) has 19 functions, and two functions are
similar to the requirements (13%). The hovercraft (i=3) is the most similar product to the requirements by
having five similar functions out of 22 functions (21%). Two functions out of 67 functions, which are
described in the airplane’s (i=5) functional descriptions, are matched with the requirements. Although the
airplane has lower functional similarity (4%) than the cell phone (5%) or the motorcycle (13%), this item
is selected for combining with the hovercraft by satisfying the functions of the requirements that are not
matched with the hovercraft (referring to Equation (5-2)). The airplane may provide stability and flight
functions, whereas the motorcycle can only provide a stability function.

72

In order to combine the functions from the hovercraft and airplane for generating a design
concept for a hybrid marine model, functions that overlap with each other are identified, as shown in
Table 5-3.

Table 5-3 Functional probabilities (%) of overlapped functions between the hovercraft and airplane
Parent products overlapped functions

Hovercraft (i)

Airplane (i’)

turbine
propeller
aerodynamics
maneuverability
absorber
cargo

2%
4%
1%
1%
2%
1%

7%
3%
1%
2%
1%
1%

Each cell in Table 5-3 represents the functional probabilities of overlapped functions by
employing the LDA algorithm. Each function in Table 5-3 has been extracted from the products’
functional descriptions and identified as an overlapped function on the basis of Equation (5-4). In order to
generate the functional concepts for a novel product domain on the basis of the hovercraft and the
airplane, the methodology combines the hovercraft’s 22 functions and the airplane’s 61 functions in
regards to Equation (5-3). Therefore, the generated functional concept of the hybrid marine model has 83
functions, which include not only the requirements but also common functions from the hovercraft.
Although removing or combining functions may influence a product’s form and vice versa, this
methodology aims to provide designers with feasible design concepts by creating the concepts in an
automated manner in the new product development process. As mentioned at the beginning of this
chapter, this work generates initial design concepts for next generation products. Considering the
potential interactions between form and function is a further step of the process, which requires experts’
analyses to create detailed structures such as prototypes. However, initial design concepts, such as
designers’ manual sketches, impact final design outcomes (Yang 2003). Therefore, the case study
examines the methodology’s feasibility by demonstrating design concepts that are similar to an actual
hybrid marine model (wing in ground effect, WIG (Rozhdestvensky 2006)) than the source products
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(hovercraft, airplane). A 3D form is morphed on the basis of 3D shapes from the hovercraft and the
airplane, as shown in Figure 5-5.

Figure 5-5 A morphed form from the hovercraft and airplane
The morphed form in Figure 5-5 is mathematically differentiated from each 3D form of the
hovercraft and the airplane, taking 67 seconds for generating the concept running on an Intel core i7 2.40
GHz processor with 8GB ram. Although this form may illustrate a conceptual form of a hybrid marine
model, the morphing technique presented in this research is limited to providing the outer shape of next
generation products. Consequently, verifying the concept is required.
In order to test the feasibility of the methodology, the generated design concept for a hybrid
marine vehicle is compared with an actual hybrid marine model (wing in ground effect, WIG
(Rozhdestvensky 2006)) in terms of form and function. Design concepts that have greater similarity
provide better and more accurate design ideas for designers to build upon, since the design gap between
concept and actual product is reduced (Yang 2003; Takai and Ishii 2004). If the generated design concept
is similar to the actual WIG in terms of both form and function, this shows that the combined design
concept is a potential candidate for designers to refine. Since the WIG is closely related to an airplane and
a hovercraft in terms of form and function (Tucker and Kang 2012), the verification process compares the
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form and function similarities between the WIG and design artifacts (design concept, hovercraft,
airplane), as shown in Figure 5-6.

Figure 5-6 Form and function similarity between the WIG and models
Form similarity between the concept and the WIG is 61%, whereas the hovercraft and airplane
represent 17% and 47%, respectively. Function similarity between the concept and the WIG is 30%, greater
than the hovercraft (23%) and airplane (9%). By comparing these similarities, designers can determine if
the generated design concept demonstrates better ideas than both products.

5.4 Summary of Chapter 5
This chapter hypothesizes that the similarity between generated concepts from the methodology
and the actual product (designers’ objective) is higher than the similarity between the source products
(i.e., products that have been used in the NPD process to create the actual product) and the actual product.
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In the case study, two products are combined in order to create design concepts for generating novel
product domains. Overlooking the interactions between forms and functions, the methodology combines
the products’ forms and functions independently. For instance, removing or combining functions for
functional concept generation may influence a product’s form, and vice versa. Therefore, this chapter
examines the methodology’s feasibility by comparing the combined form and function with the actual
product’s (WIG) form and function. Form similarity between the concept and the WIG is 61%, whereas
the hovercraft and airplane represent 17% and 47%, respectively. Function similarity between the concept
and the WIG is 30%, greater than the hovercraft (23%) and airplane (9%). In general, the design
similarity between the concept and the WIG is 45.5% (i.e., average between form and function similarities
between the concept and the WIG), which is larger than design similarities between each product (i.e., the
hovercraft: 20%, the airplane 28%) and the WIG. The generated design concept is 50% distinct from
these source products in terms of form aspect, while the functional concept is 54% distinct from these
source products. By demonstrating design similarities that are greater than the parent products
(hovercraft, airplane), the methodology verifies the feasibility of the combined concept, which will
provide better and more accurate design ideas to designers than the source products in the early stages of
the new product development process.
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Chapter 6
An Automated Approach to Quantifying Functional Interactions by Mining LargeScale Product Specification Data
After generating design concepts in Chapters 4 and 5, designers need to analyze the functional
interactions between each candidate modules that will comprise a next generation product. Analyzing
functional interactions is the verification step of the design process that simulates operational failures.
This chapter hypothesizes that the semantic relationship between modules’ functional descriptions
correlates with the functional interactions between the modules. A module performs a specific function by
controlling the interactions of the functions of components (Jose and Tollenaere 2005). Therefore,
engineering designers need to understand both the functional interactions between each module and how
these interactions impact the overall product. These functional interactions indicate the degree of
modularity among the attached modules and enable designers to create new modules for next generation
products by integrating and maintaining current modules within a product family/product portfolio
(Dahmus, Gonzalez-Zugasti, and Otto 2001; Schilling 2000; Gershenson, Prasad, and Zhang 2003).
The methodology presented in this chapter quantifies functional interactions by analyzing cosine
associations between function attributes that are discovered from multiple modules with LDA (Section
3.1.2 in Chapter 3). The engineering design community has employed semantic similarities in order to
identify product attributes based on design requirements or customer needs, as mentioned in Section 2.9
in Chapter 2. Compared to the text similarity equations from the previous chapters, cosine association is
capable of analyzing the semantic relationship between synonyms and antonyms (Scheible, Schulte Im
Walde, and Springorum 2013). This chapter demonstrates that these similarities can also indicate
functional interactions between modules by showing results comparable to experts’ manual analyses of
Ford’s automotive climate control system. A statistical analysis that compares the results of the text
mining methodology with experts’ manual analysis of the functional interactions (Browning 2001;

77

Pimmler 1994; Pimmler and Eppinger 1994) is presented. This text mining-driven methodology achieves
results within a short period of time that are similar to the designers’ manual analyses.

6.1 Methodology for measuring functional interaction automatically
The methodology quantifies the degree of function attribute interactions of each module based on the
module’s functional descriptions by employing a topic model technique from natural language
processing, thereby enabling designers to automatically model a product’s functional architecture, and, as
a result, minimize the manual analyses. This entire process, outlined in Figure 6-1, is defined as the
automatic interaction measurement (AIM).

Figure 6-1 A flow diagram of the automated interaction measurement (AIM)

Step 1 describes the function data acquisition process for creating a database containing the
products’ module information. In this work, the module descriptions are assumed to be represented
textually. Each function extracted from a module’s functional description is converted into a vector space
in Step 2. Step 3 quantifies the functional interactions between the modules by measuring their vector
similarities. Finally, the methodology can automatically measure the degree of functional interactions
between modules and can serve as a guide for designers aiming to understand the complexities of the
functional interactions within modular products.
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6.1.1 Quantifying functional interactions
To search for functional interactions across textual data sets, the cosine measure has been
employed using the LDA results (Section 3.1.2 in Chapter 3). The cosine measure is employed in this
work to quantify the degree of functional interaction between each module. The functional interaction
between modules can be quantified by inputting the functional descriptive vectors into the cosine
measure. For instance, the functional interaction between each functional vector of module 1 and module
2 can be quantified with the following Equation (6-1):

𝑐𝑜𝑠(𝑉𝑖=1 , 𝑉𝑖=2 ) =

𝑉𝑖=1 ∙ 𝑉𝑖=2
‖𝑉𝑖=1 ‖‖𝑉𝑖=2 ‖

(6-1)

where,
𝑀

𝑉𝑖=1 ∙ 𝑉𝑖=2 = ∑ 𝑝(𝐹𝑎 |𝑑1 )𝑝(𝐹𝑎 |𝑑2 )

(6-2)

𝑎=1
𝑀

‖𝑉𝑖=1 ‖ = √ ∑ 𝑝(𝐹𝑎 |𝑑1 )2

(6-3)

𝑎=1

𝑀

‖𝑉𝑖=2 ‖ = √ ∑ 𝑝(𝐹𝑎 |𝑑2 )2

(6-4)

𝑎=1

Each variable Vi=1 and Vi=2 represents a vector coordinate of the modules’ functions. The cosine
measure is 1 when the angle between the two vectors is 0 degrees, while the cosine measure is 0 when the
angle between the two vectors is 90 degrees. Therefore, the functional interaction increases when the
cosine metric between the functional descriptive vectors is close to 1, whereas 0 means that there are no
interactions between the functions. Modules that have strong functional interactions with one another can
be integrated into a new module, while modules with low functional interactions may be independently
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updated or enhanced with minimal impact on the other modules (Browning 2001; Hirtz et al. 2002). In
this work, if the cosine measure between the functional descriptive vectors results in a value of 1, it is
assumed that the corresponding modules are identical. Sophisticated engineering products, ranging from
automobiles to aircrafts, may include multiple identical modules in one system. For instance, most cars
have two headlights that perform independently of one another. Because the interactions between one
headlight and another module (i.e., wheel) would result in the same cosine similarity value, regardless of
whether it is the right headlight or the left headlight, directly searching functional interactions across
identical modules is redundant and therefore not considered in the methodology.
In the product development process, designers consider functional interactions between different
modules for functional architecture modeling. Figure 6-2 presents the algorithmic flow of the automated
interaction measurement (AIM). The AIM imports data sets from a database and then cleanses the textual
data by employing the POS tagger. LDA extracts functions from the POS results, and then the cosine
measure quantifies the functional interactions across the modules on the basis of the LDA results.
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Figure 6-2 An algorithm flow of the AIM

In contrast to traditional DSM approaches, the methodology outlined in this work analyzes
functional interactions in an automated manner, with minimal manual input from designers. This is
particularly important, as the number of modules and functional interactions increase in complex
products. To evaluate the AIM, the next section introduces a DSM study as a case study for comparing
the interaction analysis.
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6.2 Case study
The case study analyzes an automotive climate control system that combines 16 modules that have 120
functional interactions. The case study is introduced to verify the feasibility of the AIM presented in
Section 6.1 by comparing it to manual analyses performed by design experts. Pimmler and Eppinger
extracted the functional interactions between the automotive climate control system’s modules through a
taxonomy of functional interactions and a manual quantification process, as shown in Table 6-1 (Pimmler
and Eppinger 1994). Their study analyzed modules with four different interaction types (spatial, energy,
information, material) based on five different scores (Required/ Desired/ Indifferent/ Undesired/
Detrimental) (Pimmler and Eppinger 1994). Functional interactions are quantified by four different
generic relationship types with values of -2, -1, 0, 1, and 2, as shown in Table 6-1.

Table 6-1 Interaction types and quantification of the DSM (Pimmler and Eppinger 1994)
Type
Spatial
Energy
Information
Material

Interaction values
Needs for adjacency or orientation between two modules.
Required(+2)/ Desired(+1)/ Indifferent(0)/ Undesired(-1)/ Detrimental(-2)
Needs for energy transfer/exchange two modules.
Required(+2)/ Desired(+1)/ Indifferent(0)/ Undesired(-1)/ Detrimental(-2)
Needs for data or signal exchange between two modules.
Required(+2)/ Desired(+1)/ Indifferent(0)/ Undesired(-1)/ Detrimental(-2)
Needs for material exchange between two modules.
Required(+2)/ Desired(+1)/ Indifferent(0)/ Undesired(-1)/ Detrimental(-2)

In Pimmler and Eppinger’s study, a design structure matrix was generated by conducting
interviews with experts from the Ford Motor Company; the original DSM is described in APPENDIX C
(Pimmler and Eppinger 1994). Although the manual DSM analysis provides reliable outputs, it may be
difficult to extract functional interactions, as the quantity and complexity of modules continue to increase
in today’s 21st century product space.
The methodology presented in this chapter mitigates this challenge by automatically analyzing
functional interactions on the basis of modules’ functional descriptions. To verify the feasibility of the
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methodology, this case study compares the interactions from the AIM to those of the DSM generated by
manual expert feedback that has been thoroughly studied in the engineering design community (Pimmler
and Eppinger 1994; Browning 2001). Sosa et al. have proposed the “design interface strength” to measure
the degree of the overall functional interactions between modules on the basis of each interaction type and
its scale value from Pimmler and Eppinger’s research shown in Table 6-1 (Manuel E. Sosa, Eppinger, and
Rowles 2003, 2004). The interaction scale ranges from 0 (i.e., all values of each generic interaction are 0
or a negative value) to 8 (i.e., all values of each generic interaction are 2) by integrating the four generic
interaction types: spatial |2| + energy |2| + information |2| + material |2| for a maximum of 8. To
distinguish modules in the system, Sosa et al. categorized the strength of the functional interactions into
“low” (less than 4) and “high” (greater than 4) (Sosa, Eppinger, and Rowles 2004).
In this research, because the interactions are measured on a {0, 1} scale, the interaction values of
the DSM need to be normalized to the same scale. The manually analyzed interaction values of the
automotive control system are normalized to a {0, 1} scale, as shown in Table 6-2. In this table, “M”
stands for the module, module 1 represents the radiator, module 2 represents the engine fan, module 3
represents the heater core, module 4 represents the heater hoses, module 5 represents the condenser,
module 6 represents the compressor, module 7 represents the evaporator case, module 8 represents the
evaporator core, module 9 represents the accumulator, module 10 represents the refrigerator controls,
module 11 represents the air controls, module 12 represents the sensors, module 13 represents the
command distribution, module 14 represents the actuator, module 15 represents the blower controller, and
module 16 represents the blower motor.
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Table 6-2 Normalized DSM functional interactions on the basis of a manual analysis
M
1
2
3
4
5
6
7
8
9
10
11
12
13
14
15
16

1

2
.50

3
.00
.00

4
.00
.00
.13

5
.50
.50
.00
.00

6
.00
.00
.00
.00
.50

7
.00
.00
.25
.00
.00
.00

8
.00
.00
.00
.00
.50
.50
.25

9
.00
.00
.00
.00
.00
.38
.00
.38

10
.00
.00
.00
.00
.00
.25
.00
.00
.13

11
.00
.00
.00
.00
.00
.25
.00
.00
.00
.25

12
.00
.00
.00
.00
.00
.00
.00
.00
.00
.00
.25

13
.00
.13
.00
.00
.00
.13
.00
.00
.00
.13
.13
.13

14
.00
.00
.00
.00
.00
.00
.25
.00
.00
.00
.25
.00
.13

15
.00
.00
.00
.00
.00
.00
.25
.00
.00
.00
.25
.00
.13
.00

16
.00
.00
.25
.00
.00
.00
.50
.25
.00
.00
.00
.00
.13
.00
.50

Referring to Sosa et al., interactions can be divided into high or low values on the basis of the
average value across the scale (Sosa, Eppinger, and Rowles 2004). Therefore, each degree of interaction
is divided into high (H) and low values (L) in this work, based on whether a functional interaction is
greater or less than 0.5 (given a scale from 0 to 1).

Table 6-3 Transformed functional interactions on the basis of normalized interactions
M
1
2
3
4
5
6
7
8
9
10
11
12
13
14
15
16

1

2
H

3
L
L

4
L
L
L

5
H
H
L
L

6
L
L
L
L
H

7
L
L
L
L
L
L

8
L
L
L
L
H
H
L

9
L
L
L
L
L
L
L
L

10
L
L
L
L
L
L
L
L
L

11
L
L
L
L
L
L
L
L
L
L

12
L
L
L
L
L
L
L
L
L
L
L

13
L
L
L
L
L
L
L
L
L
L
L
L

14
L
L
L
L
L
L
L
L
L
L
L
L
L

15
L
L
L
L
L
L
L
L
L
L
L
L
L
L

16
L
L
L
L
L
L
H
L
L
L
L
L
L
L
H
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Table 6-3 describes the transformed functional interactions, which are based on the functional
interaction degrees from Table 6-2. The automotive climate control system was analyzed by design
experts, whereas this work automatically quantifies the degree of interactions by automatically analyzing
the functional descriptions based on the LDA algorithm (Ramage and Rosen 2009).

6.2.1 Creating a database of the automotive climate control system’s modules
To perform the experiment, this research follows each step of the AIM (referring to Figure 6-1 of
Section 5.1). Each module’s functional description has been collected from Daly’s document as shown in
Figure 6-3 (Daly 2006).

Figure 6-3 A functional description extraction process from textual data
D: represents the automotive climate control system’s functional description, which is composed
of the functional description of each module (i.e., D = {d1,d2,…d16})
di: represents each module’s functional description
tx: represents the textual term of the climate control system’s functional description (D)
Ff: is the fth paragraph of a functional description (di)
S represents total number of functions of the module that has the most functions (i.e., S = 10
from d8; the other descriptions have less than 10 paragraphs)
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On the basis of the data collection process, the automotive climate control system’s database,
composed of each module’s functional descriptions, is created, as shown in Table 6-4.

Table 6-4 A database containing functions of each module of the climate control system
ID(i)
1
2
3

Module
radiator
engine-fan
heater-core

Functional Description (di)
The radiator dissipates excess engine heat, …
The engine fan draws outside air into the engine, …
The heater-core transfers heat energy via forced, …

︙
16

︙
blower-motor

︙
The blower-motor moves fresh or vehicle interior air, …

6.2.2 Extracting functions from the functional descriptions
The collected descriptions have been preprocessed by the POS tagger to extract nouns and verbs
before performing LDA (Table 6-5). Both the preprocessing and function extraction processes are taken
into account in Step 2 of the methodology (Figure 6-1). These natural language processing techniques are
based on the Stanford Natural Language Processing platform (Ramage and Rosen 2009). The AIM
presented in this work measures the degrees of functional interactions between modules on the basis of
functional descriptions. Given the functional descriptions of the 16 modules, the evaporator core (module
8) has the most functions among all the modules: S = 10, referring to variable S in Figure 6-3.

Table 6-5 Pre-processed functional descriptions by the POS tagger
ID
(I = 1 to 16)
1

Module

2

engine-fan

︙
16

︙
blower-motor

radiator

Description
: Preprocess by the POS tagger (n: noun, v: verb)
The radiator dissipates excess engine heat, …
: radiator (n) dissipates (v) engine (n) heat (n), …
The engine-fan draws outside air into the, …
: engine-fan (n) draws (v) air (n), …
︙
The blower-motor moves fresh air or, …
: blower-motor (n) moves (v) air (n), …
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Therefore, 10 functions (i.e., heat, absorbs, transfers, coolant, air, energy, provides, temperature,
exchanger, accumulator) are extracted from the preprocessed automotive climate control system’s entire
functional description (D) by LDA, as shown in Table 6-6.

Table 6-6 Extracted functions from the automotive climate control system

P(Ff|D)

F1 =
heat
0.14257

F2 =
absorbs
0.09431

F3 =
transfers
0.09209

F4 =
coolant
0.08999

…

F10 =
accumulator
…
0.00421

After each term representing the function of the climate control system is extracted, LDA
quantifies the probabilities of each function being a topic of each module’s technical description. Each
functional probability (p(Ff|di)) of the climate control systems’ modules represents the functional
descriptive vector in matrix form, as shown in Table 6-7.

Table 6-7 Quantified functional data set for each module's description
ID
(i = 1 to 16)
1
2

Module

︙
16

︙
blowermotor

radiator
enginefan

F1 =
heat
0.03615
0.01274

F2 =
absorbs
0.01503
0.10572

F3 =
transfers
0.09474
0.08347

F4 =
coolant
0
0

…

︙
0

︙
0

︙
0.00045

︙
0.02899

︙
…

F10 =
accumulator
0.10043
…
0.02443
︙
0

Quantifying the functional interactions between components is the final step (Step 3 in Figure 6-1
of Section 6.1) of the methodology presented in this research. The next section describes 120 interactions
that are quantified by the AIM on the basis of the values from the LDA results. To verify the feasibility of
the AIM, these interactions are compared with those of the manually analyzed DSM (Table 6-3) on the
basis of the statistical verification models presented in Section 6.3.
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6.3 Results and discussion
The manually analyzed DSM has been shown to be effective for analyzing interactions between objects
by providing designers with valuable results. Therefore, comparable results of the manually analyzed
DSM and the AIM presented in this work will demonstrate the feasibility of quantifying functional
interactions in an automated manner so that designers can focus more on idea generation, rather than on
functional mapping.
The degrees of the functional interactions are then quantified by the cosine measure (Equation
(6-1)). Since the subjects of this case study are limited to a specific domain (the automotive climate
control system), the semantic relationships between each module’s functional descriptions (each section
of Daly’s book, which describes the modules) may correlate with the functional interactions between
modules by using technical jargon.
The quantified interactions of each module are presented in Table 6-8. Each module (i.e., 1 to 16)
represents the same modules as in Table 6-3. The interaction values from the AIM are transformed into
binary values (high or low) on the basis of the average value across the scale (0.5), as shown in Table 6-9.

Table 6-8 Functional interaction by the AIM
M
1
2
3
4
5
6
7
8
9
10
11
12
13
14
15
16

1

2
.41

3
.47
.00

4
.00
.00
.28

5
.75
.22
.73
.08

6
.00
.00
.40
.00
.58

7
.00
.08
.44
.54
.08
.00

8
.35
.00
.93
.03
.58
.37
.41

9
.00
.00
.14
.00
.21
.36
.03
.13

10
.00
.02
.01
.01
.01
.35
.21
.01
.14

11
.00
.28
.00
.00
.01
.00
.20
.00
.00
.01

12
.00
.00
.00
.00
.00
.00
.00
.00
.00
.00
.32

13
.14
.00
.12
.00
.13
.00
.10
.09
.00
.01
.45
.00

14
.00
.00
.00
.00
.00
.00
.40
.00
.04
.17
.00
.00
.00

15
.00
.01
.01
.01
.01
.01
.41
.00
.01
.42
.01
.00
.36
.34

16
.00
.18
.28
.00
.01
.00
.50
.39
.03
.01
.08
.00
.00
.78
.01
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Because the functional interaction degrees from both analyses (i.e., manual analysis and the AIM)
have been transformed to the same scale, a paired T-test and a confusion matrix are generated to provide
statistical evidence of the similarity of the results from the AIM (Table 6-9) and the manual analysis
(Table 6-3).

Table 6-9 Transformed functional interactions from the AIM results
M
1
2
3
4
5
6
7
8
9
10
11
12
13
14
15
16

1

2
L

3
L
L

4
L
L
L

5
H
L
H
L

6
L
L
L
L
H

7
L
L
L
H
L
L

8
L
L
H
L
H
L
L

9
L
L
L
L
L
L
L
L

10
L
L
L
L
L
L
L
L
L

11
L
L
L
L
L
L
L
L
L
L

12
L
L
L
L
L
L
L
L
L
L
L

13
L
L
L
L
L
L
L
L
L
L
L
L

14
L
L
L
L
L
L
L
L
L
L
L
L
L

15
L
L
L
L
L
L
L
L
L
L
L
L
L
L

16
L
L
L
L
L
L
H
L
L
L
L
L
L
H
L

6.3.1 Statistical verification: paired t-test
Because a manual DSM has been shown to be effective for analyzing functional interactions, a
paired t-test is performed to determine whether there is a statistically significant difference between the
baseline results (i.e., manual DSM results) and the results generated by the AIM. This is achieved by
comparing the degrees of functional interactions quantified using the proposed model (Table 6-9) and the
manual DSM (Table 6-3). The paired t-test’s null hypothesis assumes that the mean difference of paired
values is 0. The paired values are the degrees of the functional interactions of each module from the
manual DSM (Table 6-3) and the AIM (Table 6-9) results. The values from each analysis are paired if
they have the same indices in both tables (the row and column indices of Table 6-3 and Table 6-9
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represent the same modules). The paired t-test is performed for 120 paired values (excluding the values of
identical row-column indices) to statistically determine whether the proposed automated and manual
DSM results are significantly different. If the test does not reject the null hypothesis, the AIM can be
regarded as a valid model for analyzing the functional interactions for this case study. Based on the paired
t-test results (N=120), the mean difference of the t-test is 0. The results of this analysis indicate that the
null hypothesis is not rejected, with a t-value of 0.00, a P-value of 1.000, and an α of 0.05. Because the
null hypothesis is strongly supported by having a P-value (1.000) greater than α (0.05), there is no
significant difference between the functional interactions of each module from the proposed automated
approach and the manual DSM. This test statistically verifies that the AIM provides functional
interactions similar to the manually analyzed interactions.

6.3.2 Statistical verification: confusion matrix
The confusion matrix (Table 6-10) shows that the AIM has 94% accuracy when benchmarked
against the manual DSM generation; of a total of 120 instances, 114 (low: 110, high: 4) instances from
the predictive model (the AIM) are matched with the actual model (DSM). In this case study, the AIM
analyzes low interactions among the modules with 98% precision and 96% recall.

Table 6-10 Confusion matrix: DSM vs the AIM

Actual Class (DSM)

L (Low)
H (High)

Predictive Class (the AIM)
L (Low)
H (High)
110
2
4
4

Low interaction can be regarded as a functional independence (modularity) that affects how
designers construct a system architecture with unique modules. These modules can be assembled for
serving their own independent functions within the system. However, the AIM analyzes high interactions
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among the modules with 50% precision and 67% recall, thereby providing designers with insufficient
information regarding how modules should be integrated when creating a new module for next generation
products. Although the AIM presented in this work performed less accurately for extracting high
interactions between modules, it discovers functionally detachable modules and guides designers in terms
of which modules can be potentially detached, revised, or enhanced, with minimal impact on other
subsystems.
A text mining technique may provide a more efficient means of quantifying functional
interactions (especially for low functional interactions) between modules when compared to a manually
generated DSM analysis, because the number of modules continues to increase along with their functional
descriptions. To support designers with an analysis that is compatible with experts’ manual analyses, the
methodology needs to be improved for extracting high functional interactions in future work.

6.4 Summary of Chapter 6
This chapter hypothesizes that the semantic relationships between modules’ functional descriptions
correlate with the functional interactions between the modules. The results of the paired t-test, which
calculated a t-value of 0.00, a P-value of 1.000, and an α of 0.05, indicate that there is no significant
difference between the functional interactions of each module from the AIM and the manual DSM. The
AIM also shows 94% accuracy when benchmarked against the manual DSM generation when each
interaction is tested with a confusion matrix. The AIM analyzes low interactions among the modules with
98% precision and 96% recall, while high interactions among the modules have 50% precision and 67%
recall. The AIM performed less accurately for extracting high interactions between modules. However, it
discovers functionally detachable modules and guides designers in terms of which modules can be
potentially detached, revised, or enhanced, with minimal impact on other subsystems. Therefore, the
methodology presented in this chapter automatically measures the functional interactions between
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modules in order to support designers in integrating and maintaining modules during the concept
generation process. By employing the LDA algorithm and the cosine metric, the methodology discovers
functional interactions between modules on the basis of semantic relationships between textual data sets
that describe the modules’ functions. Furthermore, the AIM has been validated using a case study
involving a DSM analysis of an automotive climate system. The case study is conducted on a limited data
set. The fair results achieved indicate the methodology’s working prospects and scope.
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Chapter 7
Product Resynthesis: Knowledge Discovery of the Value of End-Of-Life Assemblies
and Subassemblies
While Chapters 4, 5, and 6 demonstrate the ideal concept generation process for developing next
generation products by discovering product attributes across multiple domains, this chapter proposes a
new End-Of-Life (EOL) option called resynthesis that utilizes existing waste from EOL products in a
novel way through the synthesis of assemblies/subassemblies across multiple domains (i.e., consumer
electronics, health care, automotive, etc.). This chapter hypothesizes that resyntheszing EOL products
improves the economical profits of an enterprise that works with EOL products. In order to increase the
economic value and sustainability of EOL products, this chapter applies Bisociative design methodology
by synthesizing EOL subassemblies.
In the United States alone, more than 30 million computers and 129 million phones are disposed
of each year, resulting in a tremendous amount of electronic waste (e-waste). In 2009, over two million
tons of electronic devices such as computers, computer accessories, televisions, and cell phones were
discarded. The Environmental Protection Agency (EPA) indicates that approximately only 25% of these
unwanted electronics were recycled, of which 38% were computers, 17% were television sets, and 8%
were mobile devices (“Statistics on the Management of Used and End-of-Life Electronics | eCycling | US
EPA”). According to the EPA’s estimations, only about 15-20% of electronic component-based waste is
treated with EOL decision-making, with the remainder of these electronics going directly to landfills and
incinerators (“Statistics on the Management of Used and End-of-Life Electronics | eCycling | US EPA”).
Undoubtedly, there is an urgent need to mitigate this problem by fully utilizing these discarded products.
Sustainable design focuses on eliminating the negative impacts of design artifacts on the
environment through skillful design methodologies that consider the natural environment as an inherent
factor in designing new products or altering old ones (McLennan 2004). Presently, the sustainability
practices that industries employ are limited to reusing/repurposing, recycling, remanufacturing, or simply
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disposing. Reusing is the act of using an item for more than one lifecycle by subjecting it to minor repair
(if needed) for the same function (Mangun and Thurston 2002). Repurposing is simply another form of
reusing that involves modifying a single product for a different purpose without significantly reforming it.
Repurposing can apply to multiple product domains, although its main usage is in pharmaceuticals and
fabrics (Sleigh and Barton 2010). Throughout this chapter, repurposing is treated as a subset of reusing
and hence will not be considered separately. Recycling is the breaking down of an EOL product into raw
materials which are then used to make new products (Mangun and Thurston 2002). Remanufacturing
involves the repair or replacement of worn out or obsolete components and modules (Pandey and
Thurston 2007). According to the EPA, the recycling, reuse, and remanufacturing industry is comprised
of a large number of companies (“Results of Recycling Economic Information Study for Recycling
Market Development | Reduce, Reuse, Recycle | US EPA”). Disposal involves collecting and depositing
EOL products in landfills. Disposal can also result in incineration, which is the combustion of organic
substances and waste (“SW-846 Test Methods | Wastes | US EPA”). Although organized disposal can be
very useful in discarding hazardous waste, the negative environmental effects involved in these disposal
methods demand attention (Dijkgraaf and Vollebergh 2003). The annual revenues generated by the
recycling industry is far more than the reuse and remanufacturing industries, indicating that recycling is a
more preferred EOL option for manufacturers (“Results of Recycling Economic Information Study for
Recycling Market Development | Reduce, Reuse, Recycle | US EPA”). This is in part due to the fact that
manufacturers tend to use Design for Assembly and Manufacturing (DFAM), which makes it difficult for
parts to be reused or remanufactured (Hammond, Amezquita, and Bras 1998). Recycling, however, has
economic and environmental shortcomings, since it requires energy to break down products (assemblies)
into their fundamental raw materials (Ochiai 1996; “Definition of Synthesis - Oxford Dictionaries (British
& World English)”). Furthermore, certain products/components have hazardous chemicals and materials,
making them extremely difficult to recycle (Stein 1992; Ayres 1997). The cost to recycle may also be a
prohibitive factor in product recycling efforts due to the complexities of the material extraction process
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(Gramatyka, Nowosielski, and Sakiewicz 2007). The resynthesis EOL option proposed in this work aims
to mitigate these challenges by utilizing existing waste from EOL products in a novel way through the
synthesis of existing assemblies/subassemblies across multiple domains.
By definition, the term synthesis is the systematic combination of otherwise different elements to
form a coherent whole (“Definition of Synthesis - Oxford Dictionaries (British & World English)”). In the
context of product design and development, product synthesis represents the actual
manufacturing/assembly process of a product, since a product is a coherent assembly of otherwise distinct
materials/subassemblies. Taking into account the limitations of existing EOL options and acknowledging
the definition of synthesis, this chapter introduces a new dimension of product sustainability called
product resynthesis. Product resynthesis is the creation of a product that is distinct from its parent
assembly/subassembly or that adds functionality to an existing product through the combination of
different EOL products (assembly or subassembly) or both. Product resynthesis differs from repurposing
because, unlike resynthesis, repurposing does not create a novel product through the synthesis of multiple
parent products/components (assemblies/subassemblies); it simply creates a new application domain for
an existing EOL product (Atlee and Kirchain 2006). The new product is simply the original product used
in a different way; therefore, it is practically reused. Resynthesis, on the other hand, involves partially or
completely modifying the design of the parent product(s) and would involve several
machining/manufacturing processes to create a new product. Considering the existing EOL sustainability
options, recycling is not always economically and environmentally viable (Ochiai 1996; Gramatyka,
Nowosielski, and Sakiewicz 2007), while reusing and remanufacturing do not incorporate DFMA
(Hammond, Amezquita, and Bras 1998). Resynthesis aims to overcome these limitations by identifying
viable candidate assemblies/subassemblies that, when combined, enhance the functionality and overall
value of EOL products.
Up until now, existing research methodologies focused on product sustainability have overlooked
the potential advantages of resynthesizing EOL products, since they only consider the above four EOL
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options. Industries and leading organizations today have identified sustainability as an integral facet of
their business strategy, not only to uphold their enterprise value but also to grow and prosper. In other
words, an organization can enhance its revenue and market share by employing a strong sustainability
strategy, which can aid their engagement with key stakeholders (such as employees and communities) and
protect their license to operate, reduce costs, manage risks, and increase operational efficiencies (Dyllick
and Hockerts 2002). The new dimension to EOL decision-making will be compared with existing EOL
options such as reuse, remanufacturing, recycling, and disposal. This presents enterprise decision makers
with a new EOL option for their products and provides opportunities for value-addition and/or new
product development, which may prove more effective, and ultimately more profitable.

7.1 Methodology for generating sustainable design concepts
This section presents a detailed description of the proposed methodology starting with the formation of a
large-scale database of compatible subassembly combinations (candidates). Next, form and function
similarity models that quantify the relationship between different assemblies/subassemblies are
introduced. The values of the resynthesized combinations are used to determine the optimal EOL
decisions for the remaining subassemblies. The objective function and constraints in the optimization
model will also be introduced. An overview of the proposed methodology is illustrated in Figure 7-1.
From a conceptual standpoint, all products hereafter will be referred to as “assemblies” and components
as “subassemblies” in this chapter.
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Figure 7-1 Overall EOL methodology incorporating product resynthesis in sustainable product design

7.1.1 Determining possible disassembly options
Lambert proposes the disassembly graph of a product represented as a transition matrix T
(Lambert 1999). This matrix represents the transitions caused by possible disassembly operations. The
cells of the matrix are represented by Tik, where i refers to the different subassemblies (rows) and index k
refers to the disassembly actions (columns). This is generated for each assembly and subassembly
possibility. Furthermore, Tik = −1 indicates that action k disassembles subassembly i, and Tik =1 means
that action k creates subassembly i. Other elements of the matrix are 0 (no action takes place).
Figure 7-2(a) illustrates a conceptual assembly schematic for a product made up of subassemblies
A, B, and C, while Figure 7-2(d) shows the related transition matrix. Figure 7-2(b) and 2(c) indicate the
correlation triangle between the subassemblies and the various possible subassemblies that can be
generated for the ABC model discussed in Figure 7-2(a).
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Figure 7-2 (a) Product including modules A, B, and C, (b) Correlation triangle, (c) Disassembly
possibilities for ABC, (d) Transition matrix for ABC

Here, T00 = 1 implies that action 0 (k = 0) generates the ABC j = 0, i.e., ABC. Also, T01 = -1, thus
action 1 (k = 1) disassembles ABC (j = 0). Similarly, T11 = 1 and T51 = 1 imply that action 1 (k = 1)
generates modules AB (j = 1) and C (j = 5), and so on. The model does not restrict products to be
disassembled up to their atomic (bill of materials) levels. Selective or partial disassembly is considered in
order to avoid unnecessary disassembly costs. The feasible levels of disassembly are determined through
the transition matrix, while the optimal level is obtained based on the form and function associations.

7.1.2 Determining compatible sets
The issue of quantifying compatibility between assemblies is resolved by considering the form
similarity (geometric) and function similarity (textual). This enables the evaluation of physical as well as
function compatibility and interactions.

7.1.2.1 Quantifying form similarity
Similarity measures between two 3D models are therefore based on the similarities in the level
sets and critical point distributions of the models’ Reeb graphs, as depicted in Figure 3-4 (Chapter 3).
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Figure 7-3 Reeb graph comparison on increasing level set values (z-axis) for different configurations

Point A and point B of the different objects lie on the same level set and are both maxima points.
This similarity adds to the similarity function value of the two objects, whereas point C, which is also a
maxima point on a different level set, does not add value to the function due to the lack of a
corresponding similar nodal value on the other object.
The similarity values that are generated are based on the number of similar nodal level sets found
between two Reeb graphs of different components. This is done by an iterative process to compare the
critical points for each similar level set. The ratio of the similar points to the total points generated (scale
of 0 to 1) in the Reeb graph data set gives the similarity ratio for each iterative comparative model. These
similarity values generated indicate the level of similarity between configurations. For example, a
configuration having 10 different level sets and a similarity value of 0.4 indicate that four out of the 10
level sets have similar values.

7.1.2.2 Quantifying function similarity
The function similarity between subassemblies is measured based on the textual specifications
provided by each individual component in the bill of materials or the user manual. Through the
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disassembly processes of the EOL products, assemblies can either be made up of single or multiple parts.
These specifications include technical descriptions of assemblies/subassemblies that consist of descriptive
words/values. Since words can have different meanings given the context, an appropriate text mining
algorithm must be employed. It is also possible to have similar meanings between two different words.
For instance, ‘chip’ and ‘processor’ are not the same word, but the semantics can be similar when both
terms are employed in a computer engineering context describing a Central Processor Unit (CPU) and
Integrated Circuit (IC), respectively. However, these terms also have different meanings in the adjective
form. In this case, ‘chip’ can also be regarded as the material fragments that are cut by machine tools.
However traditional text mining techniques based on term frequency (i.e., document indexing) may not
distinguish the term ‘chip’ based on semantics (Coustaty et al. 2011). Design Structure Matrix (DSM)
concepts have been employed in engineering to investigate the relationships between engineering systems
and subsystems (Pimmler and Eppinger 1994). This method quantifies these relations based on feedback
provided by experts in the field. However, DSM-based approaches may not be suitable for analyzing
large-scale databases comprised of thousands or millions of assemblies/subassemblies, since it may
require more time and cost when compared to automated data querying techniques.
Although the text mining techniques (LDA) presented in previous chapters (3, 4, and 5) have
shown promising results on the basis of structured formats (Figure 3-2 in Chapter 3), this chapter utilizes
different semantic analysis techniques, which are free from structures of textual descriptions. Product
descriptions are usually described with structured formats in order to explain product attributes in detail.
However, some descriptions of simple products, which operate few functions, are described with few
terms in practice. Therefore, this chapter applies Latent Semantic Analysis (LSA) in order to discover
function attributes by analyzing the co-occurrence of terms in a given description (Anaya 2011). LSA is a
text mining algorithm that employs Single Value Decomposition (SVD) techniques in an effort to extract
hidden/semantic meanings of words when given specific contexts. To compare the functional similarity
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between subassemblies, the technical description of each subassembly is first represented in matrix form,
as seen in Table 7-1.
Table 7-1 Matrix representation: subassembly descriptions

Descriptive
terms

Term 1
Term 2
︙
Term T

Subassembly 1
C1,1
C2,1
︙
Cm,1

Subassembly function description
Subassembly 2
…
Subassembly F
C1,2
…
C1,n
C2,2
…
C2,n
…
︙
︙
Cm,2
…
Cm,n

Semantic term vector (each row of Table 7-1)
𝑇𝑒𝑟𝑚(𝑖) = [C𝑖,1

… C𝑖,𝑛 ]

(7-1)

Subassembly function description vector (each column of Table 7-1):
C1,𝑗
𝐹𝑢𝑛𝑐𝑡𝑖𝑜𝑛 (𝑗) = [ ⋮ ]
C𝑚,𝑗

(7-2)

Table 7-1 can be defined as X, where Ci,j represents the frequency of a particular term in the
description of each subassembly function.
C1,1
𝐗=[ ⋮
C𝑚,1

⋯ C1,𝑛
⋱
⋮ ]
⋯ C𝑚,𝑛

(7-3)

The Singular Value Decomposition (SVD) of X can therefore be represented as (Landauer 2002):
𝐗 = 𝐓0 𝐒0 𝐃′𝑜

(7-4)

where,
X: is the term (T) by function (F) matrix (i.e., X= T x F)
T0: represents the term (T) by rank (r) matrix, having orthogonal, unit-length columns (T0’T0=I)
S0: is the diagonal matrix of singular values (r x r)
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r: is the rank of X ≤ min (T, F)
D0: is the rank (r) of function (F) matrix, having orthogonal, unit-length columns (D0’D0=I)
(I.e., D0= r x F)
In order for the LSA algorithm to be practical for large-scale database applications, computation
complexity issues have to be considered. It is possible that very large corpora can be reconstructed with
only a limited number of dimensions by selecting k largest singular values in the diagonal matrix during
the SVD process (Landauer 2002). The corresponding singular vectors from matrices T0 and D0 derive
the rank k approximation of the original matrix X where k < r. The resulting lower dimension
approximation of the original X matrix is considered to be the semantic space, which then allows the
quantification of the relationship between different subassemblies using measures such as the cosine
similarity. The similarity between two subassemblies can be computed as follows:

𝑐𝑜𝑠(𝐃𝑗 , 𝐃𝑞 ) =

𝐝𝑗 ∙ 𝐝𝑞

(7-5)

‖𝒅𝑗 ‖‖𝐝𝑞 ‖

where,
𝐝𝑗 = 𝐃𝑗′ 𝐓𝑘 𝐒𝑘−1

(7-6)

𝐝𝑞 = 𝐃′𝑞 𝐓𝑘 𝐒𝑘−1

(7-7)

Dj: is a subassembly function description in the jth column (Dj’Dj=I)
Dq: is a subassembly function description in the qth column (Dq’Dq=I)
k: is a rank approximation
Tk : represents the term (T) by rank (k) approximation of T0
Sk: is the diagonal matrix of (k) approximated singular values (k x k)
dj : is a vector coordinate of documents in the jth column of the semantic space
dq : is a vector coordinate of documents in the qth column of the semantic space
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While the theoretical bound of the cosine similarity metric ranges between (-1, 1), in the context
of document classification, the range is limited to (0,1), where 0 represents no correlation in the
descriptions between two documents, and 1 represents a perfect match in the descriptions between two
documents (Landauer 2002). The similarity between terms (i.e., chip and processor) can be computed
(and if similar, clustered) by changing the values from each equation (7-6), (7-7) to 𝐓𝑖′ 𝐃𝑘 𝐒𝑘−1 ,
𝐓𝑝′ 𝐃𝑘 𝐒𝑘−1 ; where each 𝐓𝑖 (𝐓𝑖′ 𝐓𝑖 = I) and 𝐓𝑝 (𝐓𝑝′ 𝐓𝑝 = I) is a term in the ith row and pth row, respectively;
each ti and tp is a vector coordinate of terms from ith row and pth row from the semantic space,
respectively; and Dk represents the function description (D) by rank (k) approximation of D0 matrix.

7.1.3 Optimal EOL decision
The form and function similarity values obtained from Sections 7.1.2.1 and 7.1.2.2 will help
determine the optimal resynthesis option or strategy for a given EOL product. There are several
assumptions made for the model proposed in this chapter:
All collected EOL products are assumed to be in working order.
The reliability and effective age of the take-back products are based on manufacturer
specifications.
Only the primary function of each take back product is factored into this model, i.e., multifunction EOL products are not taken into account.

Figure 7-4 shows the form-function similarity graph for two subassemblies based on the formfunction similarity metrics presented in Sections 7.1.2.1 and 7.1.2.2.
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Figure 7-4 Form-function similarity graph

The following are the resynthesis alternatives that are quantified based on the magnitude of the
similarity values. If the form similarity value (varying between 0 and 1) is greater than Y, then it is said to
be high, otherwise low. If the function similarity value (also varying between 0 and 1) is greater than X,
then it is said to be high, otherwise low.
Classification 1: Form (high), Function (low): This presents a suitable candidate for resynthesis
by combining two products (assemblies) or components (subassemblies), or by adding
functionality to an existing product (assembly).
Classification 2: Form (low), Function (low): Not well suited for product resynthesis.
Classification 3: Form (low), Function (high): Possibility of product substitution exists
depending upon the costs of both products (assemblies), implying that if an assembly can
perform the same function for a lower cost, it can replace an assembly that has a higher cost.
Classification 4: Form (high), Function (high): Either of the product decisions in classification 1
and 3 can be applied.

In order to explain the concept behind the four classifications above, assume that productA and
productB are products (assemblies) for which EOL decisions are to be made. Let πA and πB be the profits
(per unit) obtained from A and B, considering that they are remanufactured, reused, recycled, or
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disposed. Let us consider resynthesis as an EOL option, such that the resynthesis of A and B forms
product C. Conceptually, resynthesis becomes the preferred EOL decision if the following conditions are
fulfilled:
𝜋C + 𝜋𝑅𝑒𝑠𝑖𝑑𝑢𝑎𝑙𝑠 ≥ 𝜋𝐴 + 𝜋𝐵

(7-8)

𝜋C = (Price)C − (Cost)C

(7-9)

where,

πResiduals is the profit attained from the remaining subassemblies of A and B that are not used in
resynthesis post disassembly (and are remanufactured, reused, recycled, or disposed)
(Price)C: is the price of resynthesized product C (resynthesis of A + resynthesis of B)
(Cost)C: is the cost to create resynthesized product C (resynthesis of A + resynthesis of B)

In other words, resynthesis is justified in the above case since it is more profitable to
resynthesize A and B to form C than it is to remanufacture, reuse, recycle, or dispose of them. Two
components (subassemblies) with unique functions (extremely dissimilar or low function similarity) when
combined to form a new product such that their functions are retained leads to a higher value for the
resulting product (Rosen 1974)(Mukherjee and Hoyer 2001). A new functionality implies that a customer
can consolidate different products that were traditionally bought separately into one product. For
example, a cell-phone with added functions/features such as a camera, GPS, etc., would have a higher
value since it incorporates the functions of other products into itself. Also, if two subassemblies have a
high form similarity, it is economically easier to integrate them since they can potentially share a common
module/platform to form a new product (Kim and Chhajed 2000). Consider the extreme case of two
assemblies having form and function similarity matrices, as seen in Table 7-2 and Table 7-3.
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Table 7-2 Form similarity
Form
Subassembly A
Subassembly B

Subassembly A
Y

Subassembly B
Y
-

Table 7-3 Function similarity
Function
Subassembly A
Subassembly B

Subassembly A
X

Subassembly B
X
-

Classification 1: If A and B have a high form similarity (Y=1), then (Cost)C = “low” [60], and if
they have a low function similarity (X=0), then (Price)C = ‘high’ (Kim and Chhajed 2000). Thus, the
value of the final resynthesized assembly is at its maximum; therefore, πC = ‘high’. For example, a smart
phone and the keypad of a microwave have a high form similarity, while their function similarity is low. If
an EOL smart phone and microwave were to be resynthesized, the end product would be a microwave
with all functionalities of the smart phone embedded into (both hardware and software) it, as seen in
Figure 7-5. Thus, the final value (price) of the resynthesized microwave would significantly increase,
possibly resulting in higher profit as compared with other EOL options.

Figure 7-5 Example of a candidate for resynthesis
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Classification 2: Similarly, if A and B have low form similarity (Y=0), then (Cost)C = ‘high’ (Kim
and Chhajed 2000), and if they have a low function similarity (X=0), then (Price)C = ‘high’(Nowlis and
Simonson 1996). Thus, the profit obtained from product C will be low (πC = ‘low’) due to extreme
dissimilarity (an increase in potential resynthesis cost) even though their functions are dissimilar, as seen
in Figure 7-6.

Figure 7-6 Example of low form, low function similarity

Classification 3: If A and B have a low form similarity (Y=0), then (Cost)C= ‘high’, and if they
have a high function similarity (X=1), then (Price)C = ‘low’. Thus, πC = ‘low’ since a resynthesis of these
two products would be expensive (due to the low form similarity) and at the same time, would not provide
additional functionality beyond the original products, as seen in the example in Figure 7-7.

Figure 7-7 Example of low form, high function similarity

107

Classification 4: If A and B are identical and are the same product (form similarity Y= 1, function
similarity X =1), then if designers are to form a product C by combining the assemblies/subassemblies of
A and B, CostC = Cost (resynthesisA + resynthesisB) = “low”, because it is certainly easier to incorporate
functions of A into B or vice versa (Kim and Chhajed 2000). Also, in this case, it is assumed that the
value of product C would not exceed the value of A or B, since product C does not provide any additional
functions beyond what is already provided by either product A or B. For example, if designers have two
identical laptops (with comparable reliabilities), both their form and function similarity would be close to
1 (depending upon their internal configuration).

Figure 7-8 Example of high form, high function

Thus, if designers form an assembly incorporating components (subassemblies) from both, say by
replacing one’s battery with the other, the final product will not have a value higher than the sum of their
individual values. As a reminder, the assumption made here is that the subassemblies are of comparable
reliabilities.
On the basis of the conceptual explanations above, classifications 1 and 4 are the most suitable
for resynthesis, while classifications 2 and 3 are the least suitable candidates for resynthesis. For this
chapter, classification 1 is considered the best “candidate” for resynthesis strictly from an economic
perspective due to the examples presented above. If two subassemblies have a high form similarity, then it
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is certainly easier to physically integrate (or combine) them, thus saving expenditure on design planning
and actual fabrication (Kim and Chhajed 2000)(Lau Antonio, Yam, and Tang 2007). In the case of 2 and
3, due to low form similarity, the design and production costs increase (Kim and Chhajed 2000). Also, if
the two subassemblies have different functions, then their combination can retain both functions, thus
creating a final product with an added value, since the customer would be willing to pay more for a
product which has auxiliary features in addition to its primary features/functions (Nowlis and Simonson
1996). This distinguishes classification 1 from 4, outlining its favorability. In this work, it is assumed that
the enterprise decision makers set the constraint for the values of X and Y (in Figure 7-4) as to what is
considered high/low similarity.
There are various operations associated with all five post-recovery options that determine the cost
of performing that operation, which serves (Cost)C in Equation (7-9) and its environmental impact (Table
7-4). SIMAPRO can provide environmental impact values for all the processes mentioned in Table 7-4.

Table 7-4 Operations associated with EOL options
Operations
Collection
Transportation to
disposal centers
Dismantling
Refining
Machining
Disposal of waste
Assembling

Dispose
O
O
O
O

Reuse
O

Remanufacture
O

Recycle
O

O

O
O

O

EOL options
Resynthesize
O

O
O
O

O
O

The mathematical model takes into account the costs and environmental impacts associated with
each of the above operations: note that, assembling in Table 7-4 follows disassembly options from Figure
7-2. The aim of the objective function is to maximize the total enterprise profit, given the sustainable
EOL decisions, while taking into account environmental constraints.
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𝐿

5

𝐽

𝐿

𝐾

𝐾

𝑀𝑎𝑥𝑖𝑚𝑖𝑧𝑒: 𝑀 × {∑ ∑ ∑(𝑃𝑗𝑜𝑙 ∙ 𝛼𝑗𝑜𝑙 ) − ∑ ∑(𝐶𝑢𝑘 ∙ 𝛽𝑘𝑙 ) − ∑(𝐶𝑓𝑘 ∙ 𝜎𝑘 )}
𝑙=1 0=1 𝑗=1

𝑙=1 𝑘=1

(7-10)

𝑘=1

where,
M: is the total volume of returned products (can also be modeled as a vector of demands for
returned products)
o: represents EOL options
j: represents feasible EOL subassembly for a total of J feasible EOL subassemblies
k: represents feasible disassembly transition for a total of K feasible disassembly transitions
l: represents product type (i.e., l=1: Product A, l=2: Product B, and so on for a total of L
products)
βkl: is the quantity of subassemblies of product type l that will be disassembled by transition k
αjol: is the number of feasible subassembly j of product type l that are considered EOL option o
σk: is the binary variable that shows whether disassembly transition k is done or not
Cfk: is the fixed cost of a facility used for disassembly transition k
Cuk: is the variable cost relating to modules of product type l that will be disassembled by
transition k
Pjol: is the price requested by applying EOL option o for feasible subassembly j of product l

Subject to,
𝐽

5

∑ ∑(𝐸𝑜𝑗 𝐻𝑜𝑗 ) ≤ 𝜀 (environmental feasibility)

(7-11)

𝑗=1 𝑜=1

∑ 𝑇𝑗𝑜𝑙 𝛽𝑘𝑙 = ∑ 𝛼𝑗𝑜𝑙 (feasibility with respect to quantity)
𝑘

(7-12)

𝑗

𝛽0𝑙 = 𝑄𝑙 (initial quantity)

(7-13)
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where,
Hoj: is the binary variable that shows whether subassembly j is treated with EOL decision o
Tjol: is the value of cell (j, k) in the transition matrix of product type l
Ql: is the total quantity of product type l
Eoj: is the environmental impact when subassembly j is treated with EOL option o
β0l: is the quantity of modules of product l, at k = 0, i.e., the initial quantity of product l
ε: is the environmental impact limit defined by the manufacturer such that it meets
environmental policy standards
The mathematical model maximizes the profit that can be obtained for a given set of EOL
products. Fixed and variable costs are considered, while the price and quantity of the EOL decision
determines the revenue generated. The first term in Equation (7-10) summed over j, o, and l is the total
revenue earned by executing EOL options for product modules. The second term is the sum of the
variable costs of disassembly, and the third term is the disassembly fixed cost. In order to determine the
value of the resynthesized product (ergonomic whiteboard eraser), there are two cases that need to be
taken into account:
(1) If the price of the final product can be estimated from similar products existing in the market
space.
(2) If option 1 is unavailable in the market, then the resulting resynthesized product is unlike the
original assemblies. Therefore, the prices of the individual subassemblies are simply added to
obtain the market price of the resynthesized product.

The mixed-integer linear programming problem is first solved with only four EOL decisions
(reuse, recycle, remanufacture, and dispose) similar to (Behdad et al. 2009). Once the compatible
candidates for resynthesis have been identified, the overall enterprise profit is then calculated (with
resynthesis as an EOL option) and compared with the original model that only included four EOL
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decisions (reuse, recycle, remanufacture, and dispose). The complexity of the optimization model is in
polynomial time O(n2).

7.2 Case study
This section presents the application of the proposed methodology using a case study of an electronic
computer mouse and a white board eraser, as shown in Figure 7-9. This case study considers an ordinary
computer mouse that is obsolete. The various components of the computer mouse include outer casing
(A), inner microchip board (B), and base covering (C) (Figure 7-9).

Figure 7-9 Computer mouse and white board eraser

The white board eraser consists of just two components: an eraser head (A’) and eraser body (B’).
Combinations of subassemblies, such as BC and AC (wire meshes shown in Figure 7-10), are generated
and also considered during the proposed application of resynthesis.
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Figure 7-10 (a) 3D mesh of base and microchip (b) 3D model of the outer casing

7.2.1 EOL product variables and parameters
As explained at the beginning of this chapter, the quantity of electronic mice discarded in 2009
was over 2 million. This serves as the design parameter for the mixed integer linear program used to
model the case study. Therefore, l = {1, 2} and M1 = M2 = 2,000,000. The main components of the mouse
and the eraser are shown in each matrix (a) and (b) in Table 7-5, respectively.

Table 7-5 (a) mouse assembly matrix (b) eraser assembly matrix
(a) Mouse assembly

(b) Eraser assembly

Part
A
B
C
A’
B’

Module name
Mouse Casing (Top)
Microchip
Mouse Base
Eraser (Base)
Eraser Casing

On the basis of the assembly transition (Figure 7-2) step, the transition matrices for the two
products are shown in each matrix (a) and (b) in Table 7-6, respectively.
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Table 7-6 (a) Transition matrix for mouse (b) Transition matrix for eraser
(a) mouse

(b) eraser

j/k
ABC
AB
AC
BC
A
B
C
A’B’
A’
B’

0
1
0
0
0
0
0
0
1
0
0

1
-1
1
0
0
0
0
1
-1
1
1

2
-1
0
1
0
0
1
0

3
-1
0
0
1
1
0
0

4
0
-1
0
0
1
1
0

5
0
0
-1
0
1
0
1

6
0
0
0
-1
0
1
1

Table 7-7 shows the costs associated with the collection and processing of the two products. The
costs are obtained using the data in Montiero et al. (the data applies to all types of polymers, such as
mouse and eraser) (Raibeck, Reap, and Bras 2009).

Table 7-7 Preprocessing operations of EOL options for the mouse and eraser
Operations
Collection
Transportation
to disposal
centers
Dismantling
Refining
Machining
Disposal of
waste
Assembling

EOL options
Recycle Resynthesize

Cost per unit
(USD)
2
0.35

Dispose

Reuse

Remanufacture

O
O

O

O

O

O

0.05
0.32
0.6
0.05

O
O

O

O
O

O
O
O

O
O

0.58

O

For estimating the cost associated with each EOL decision, the operations associated with each
EOL decision have been indicated in Table 7-7.
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7.2.2 Form-function similarity quantification
The form similarity matrix for both components is computed by comparing the critical points of
both models. The similarity is calculated based upon Reeb graph comparisons of various models. Critical
points, which indicate varying level set values, are mapped on both models, and the degree of similarity
between models is a measure of the number of similar level sets to the total number of level sets (Figure
7-11).

Figure 7-11 Illustration of Reeb graph overlaid on mouse component AC and eraser head A’

Each node in Figure 7-10 indicates a level set value. For example, the similarity value of 0.452 is
derived from a similarity of 397 level set regions out of a total of 879 between the mouse assembly AC
and the eraser head A’.
The function similarity between each assembly/subassembly is quantified by employing the
cosine similarity metric, with the vectors derived from LSA that represent the functions. For instance, the
similarity value of 0.230 is calculated by quantifying the functional descriptions (from patent data) of the
subassemblies, succinctly represented below: (Frazier 1990; Chatterjee et al. 2011a)
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Function of A’: “An eraser for removal of dry ink dust … includes fabric layers…”
Function of AC: “An ergonomic mouse…to support a proximate end of a finger, …, stability
for user …”

In this case, AC and A’ have a high form similarity and low function similarity, as shown in Table
7-8. This presents an opportunity to add a function to an existing product and resynthesize to form a new
product with enhanced functions. To illustrate this statement, in the case study, this translates to
physically attaching A’ to the subassembly AC and creating a new product which will have a new form
configuration and enhanced functionality, which are a set of functions inclusive of functions from A, C,
and A’.

Table 7-8 Form and function similarity comparison matrix
Module assembly
Mouse top A
Microchip B
Mouse base C
AB
AC
BC

Form
Function
Form
Function
Form
Function
Form
Function
Form
Function
Form
Function

Eraser casing B’
0.282
0.480
0.130
0.020
0.159
0.320
0.282
0.060
0.301
0.350
0.159
0.170

Eraser head A’
0.074
0.060
0.129
0.010
0.452
0.230
0.074
0.020
0.452
0.230
0.331
0.140

A’B’
0.300
0.270
0.130
0.000
0.156
0.350
0.300
0.040
0.377
0.360
0.163
0.200

The form similarities between the subassemblies are calculated based on the similarities between
the generated Reeb graphs for each possible combination. The time taken for each comparison varies
upon the size of the model and generally takes anywhere from 1 to 60 seconds running on an Intel Core i7
3.00GHZ processor with 16GB ram.
The function similarities between subassemblies are calculated using the LSA algorithm. The
time taken for each comparison varies upon the size of the model and generally takes anywhere from 1 to
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2 seconds for each similarity computation between the components of the mouse and the eraser when
running on a machine with similar specifications as that used to calculate form similarity. The functions
are taken from the technical descriptions of the mouse and eraser. The functions are further divided into
modules, which relate to the components of each product. In this case study, the function of each
component A, B, C, A’, and B’ represents the functions of the components of the mouse and eraser.
Therefore, the functions of assembled components, such as AB or A’B’, in Table 7-8 are the aggregation
of functions from each of the subassemblies A, B, A’, and B’.
Figure 7-12 presents a graphic representation of the form-function similarity values created in
Table 7-8. From here, candidates for resynthesis can be identified as those that lie in region 1 and have
high form and low function similarity values.

Figure 7-12 Plot of function versus form from Table 7-8

This similarity is a measure of physical interchangeability or physical addition that is enabled by
geometric similarity. The subassembly combination AC and A’ can be physically added based on the
geometry similarities that exist between the two. AC is given preference over BC due to a higher form
similarity value, even though BC has a lower function similarity with A’. Function and form similarities

117

have been calculated for each comparison to support the optimal candidate combination that is required
for resynthesis.

7.3 Results and discussion
The final resynthesized assembly is shown in Figure 7-13. Risk Optimizer and Excel Solver were used to
model the case study, which included 2,000,000 units of each product, i.e., the mouse and eraser.

Figure 7-13 Schematic and possible final assembly based on product resynthesis

Each variable βkl (the quantity of modules of product type l that will be disassembled by transition
k) and Hoj (the binary variable that shows whether module j is treated with EOL decision o) is tabulated in
Table 7-9 and Table 7-10. For the environmental constraint, the value for ε was taken as 2000 based on
the mPt (millipoints), which is the impact of 1 kg of a substance on the environment, the values of various
processes in SIMAPRO (Pre 2008). The results (xkl and dij) are tabulated in Table 7-9 and Table 7-10.
Table 7-9 indicates that ABC should be disassembled into AC and B. AC is then treated with the
EOL decision of resynthesis. The operations that should be carried out are also indicated along with the
quantity allocated. For example, for module BC, 100,000 units are reused, which would mean that the
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internal microchip (B) and base (C) were intact and hence can be reused (possibly by combining them
with other mouse casings, i.e., A). It can also be observed that only AC is resynthesized, because for an
optimal concept generation process, referred to in Figure 7-12, it is essential to have optimal form and
function association values and for the process be economically viable, which are properties that other
module assembly combinations do not possess.

Table 7-9 The optimal number of subassemblies and related EOL options for the mouse
l=1
j
o
ABC
AB
AC
BC
A
B
C

Dispose
0
0
0
0
0
0
0

Reuse Remanufacture
0
0
0
100000
100000
0
0

0
0
0
0
0
400000
0

Recycle

Resynthesize

0
0
0
0
100000
1500000
100000

0
0
1800000
0
0
0
0

Table 7-10 shows that A’B’ should be disassembled into A’ and B’, and the operations that
should be carried out with them are also indicated.

Table 7-10 The optimal number of subassemblies and related EOL options for the eraser
l=2
j
o
A’B’
A’
B’

Dispose

Reuse

Remanufacture

Recycle

Resynthesize

0
0
0

0
0
200000

0
0
100000

0
200000
1700000

0
0
1800000

In order to validate the significance of resynthesis, the maximizing profit model (Equation (7-10))
was first solved without considering resynthesis as an EOL option. Thus, only four EOL options (dispose,
reuse, remanufacture, and recycle) are considered, and the model is solved with o = 1, 2, 3, and 4, thereby
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resulting in $3,248,000. However, the model calculates the value as $4,065,000 by considering the fifth
option, resynthesis, which is a new EOL option presented in this chapter. As discussed at the beginning of
this chapter, existing research has traditionally only focused on these four EOL options. However, while
maintaining the rest of the parameters, the objective function value obtained in the case of only the four
EOL options is $3,248,000, which is 20% lower compared to the $4,065,000 profit when resynthesis is
added as an EOL option. The experiment presented in this section takes into account only a small fraction
of the total available EOL products. Resynthesis applied on a larger scale has the potential of significantly
improving sustainable operations for enterprises and mitigating harmful effects on the environment.

7.4 Summary of Chapter 7
This chapter hypothesizes that resyntheszing EOL products improves the economical profits of an
enterprise that works with EOL products. This chapter proposes a new post-recovery method of
resynthesis using disassembly methods, product similarity/modularity, and profit-based optimization. A
mixed integer linear optimization model is used to solve the EOL decision model, and an example using a
mouse-shaped whiteboard eraser is presented. The profit gained by the traditional four EOL options
(dispose, reuse, remanufacture, and recycle) is $3,248,000. However, the model calculates the value as
$4,065,000, which is 20% higher than the previous profit, by considering the fifth option, resynthesis,
which is an extension of applying Bisociative design to EOL options.
The results reveal the economic and environmental benefits of using resynthesis as a postrecovery option for EOL sustainable design. A validation analysis showed that resynthesis can be a better
EOL decision from a pure economic standpoint with certain environmental benefits. One of the examples
of resynthesis applications at present can be found in the reference (“Robot Kitchen: Android Ready to
Invade Your Home | Android and Me”).
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Chapter 8
Conclusions and Future works
This dissertation analyzes form and function associations among products, ranging from existing
goods to EOL products, in order to explore design knowledge across different domains. With over
250,000 new consumer products launched into the market each year, the complexity of managing product
designs and their inherent attribute associations becomes cumbersome. Constant increases in product
quantity and complexity, which are primarily driven by customers’ growing desires for customizable
products, further exacerbate these challenges. For example, at the start of the 20th century, 92 modules
were required to construct a complete car. Currently, more than 3,500 modules exist in a modern day
vehicle.
This work performs an extensive literature review of research in the engineering design field
related to concept exploration, which seeks to solve these challenges. Although existing engineering
design methodologies have generated design solutions in order to create next generation product concepts
by mining product attributes across product variants, product portfolios, and even departments and
organizations, these methodologies are still heavily reliant on manual analyses by designers.
In order to provide designers with product attributes for next generation products, the Bisociative
design methodology presented in this dissertation utilizes data mining-driven design approaches, which
automatically search and analyze product attributes across multiple domains, in a NPD process. This
methodology reduces the manual process in Steps 2, 3, and 4 of the NPD by employing text/image mining
techniques and morphing techniques, as shown in Table 8-1. The first (Step 1) and last step (Step 5) of the
NPD (Figure 1-2) are phases when designers make decisions, whereas Steps 2, 3, and 4 explore, discover,
and analyze product attributes to support the designers’ decision.
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Table 8-1 Improved NPD steps via Bisociative design methodology
Each step of NPD

Current process

2. Explore product attributes (A: forms and
functions) that match design requirements
2-1. Collect function data sets
2-2. Extract functions

manual

2-3. Match design requirements and functions
2-4. Select functions (Fa)
3. Generate design concepts on the basis of A
3-1. Generate structural representation of products’
forms (F)

manual
manual
semi-automatic
automatic:
Extended
Gaussian images,
Harmonic shape
images
manual

3-2. Search forms (F) that match the functions (Fa)

manual
manual

3-3. Select forms (F)
3-4. Generate initial design concepts of next
generation products’ structural representations (F)

manual
manual

4. Verify functional interactions
4-1. Describe (Fa) schema
4-2. Analyze interaction types (I) between Fa
4-3. Measure degree of I

Semi-automatic
manual
manual
manual

4-4. Select Fa

automatic: finite
automatic
analysis (FEA),
multibody
dynamics (MBD),
computational
fluid dynamics
(CFD)

Bisociative design
process
semi-automatic
manual
automatic: text
mining
manual
manual
semi-automatic
automatic: Reeb
graph

automatic: match
algorithm
manual
semi-automatic:
morph algorithm
based on Reeb
graph
Semi-automated
manual
manual
automated:
semantic similarity
algorithm
automated: FEA,
MBD, CFD

In order to discover product attributes that have the potential to increase the profits of an
enterprise, the methodology presented in this dissertation supports designers with automated and semiautomated approaches which were originally proceeded by manual analyses in Steps 2, 3, and 4. This
research takes into account design costs and economic value when creating next generation products in

122

order to optimize design concepts based on design requirements. In utilizing a product life cycle
perspective, most products are designed to be sold, consumed, and finally become waste.
This dissertation supports designers in creating differentiated product designs that will satisfy
various market needs and remain competitive in the marketplace. Developing next generation products
with new function attributes can potentially increase product sales, as long as those new function
attributes address known or latent market needs. A design methodology introduced in Chapter 4
quantifies the semantic similarities between descriptive design requirements and function attributes in
order to identify new function attributes with the highest similarity to each requirement. This work
hypothesizes that developing next generation products with these new function attributes correlates with
an increase in product sales. Transmission system function attributes and product sales data, including
new electronic gear shifting systems from Shimano’s bicycle division, are introduced Chapter 4’s case
study. This case study reveals that the function attributes predicted by the proposed methodology correlate
with an increase in the market sales of next generation products. From 2008 to 2015, the likelihood of a
sales increase for the Di2 systems is 100%, while the likelihoods of a sales increase and decrease for nonDi2 systems are 58.333% and 41.667%, respectively. The average sales increase during this period is
5851.6 million yen for the Di2 systems and 355.458 million yen for non-Di2 systems. Actual market sales
data from Shimano shows that launching next generation products (i.e., the Di2 systems) that operate new
function attributes (i.e., electronic gear shifting function) radically increases market sales. Through
analyzing the differences in sales across each quarter during 2008 to 2015 using a box-and-whisker plot,
the likelihood of a radical market sales increase for the Di2 systems is 80%, while the likelihood of a
radical sales increase for non-Di2 systems is 8.333%. An analysis of the sales deviation across each
quarter during 2008 to 2015 shows that the likelihood of a radical market sales increase for the Di2
systems is 60%, while the likelihood of a radical sales increase for non-Di2 systems is 4.167%. This work
analyzes the impacts of products containing different function attributes on actual product sales in the
market.
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Chapter 5 hypothesizes that the similarity between concepts generated from the methodology and
the actual product (i.e., the designers’ objective) is higher than the similarity between the source products
and the actual product. This methodology searches for novel function and form candidates suitable to
include in next generation product design. In order to support designers with tangible design concepts, this
work integrates the current product design and the candidate products’ form and function. These resulting
design concepts are not only distinct from their parent designs, but are also likely to be implemented in the
real world because they contain novel functions and form attributes. A hybrid marine model’s (Wing In
Ground effect ship: WIG) design concept is introduced in Chapter 5’s case study. By comparing the form
and function similarity values between generated design concepts from this research, an existing WIG, and
source products, this research verifies the feasibility of these design concepts. The form similarity between
the concept and the WIG is 0.61, whereas the hovercraft and airplane represent 0.17 and 0.47, respectively.
The function similarity between the concept and the WIG is 0.30, which is greater than the hovercraft (0.23)
and airplane (0.09). In general, the design similarity between the concept and the WIG is 45.5% (i.e., the
average of the form and function similarities between the concept and the WIG), which is larger than the
design similarities between each product (i.e., the hovercraft: 20%, the airplane: 28%) and the WIG. The
generated design concept is 50% distinct from these source products in terms of its form aspect, while the
functional concept is 54% distinct from these source products.
Design concepts having greater similarity has the potential to result in more accurate design ideas
for designers to build upon, since the design gap between concept and actual product is reduced. The
feasibility of design concepts might be improved in future work by employing FBS (function-behaviorstructure) or similar models that address the potential interactions between form and function. In order to
apply these models, related domain knowledge (i.e., expertise in aircraft domain requires designing a WIG)
is strongly required by the designers, including the physical phenomenon of structure (form). Once the
methodology generates a design concept, analyzing the interaction between form and function by related
domain expertise will provide sophisticated design concepts to designers.
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In Chapter 6, this dissertation verifies the functional viability of design concepts, which require
intricate functional association among a large number of modules for creating next generation products.
This chapter hypothesizes that the semantic relationships between modules’ functional descriptions
correlate with the functional interactions between the modules. The functional interactions between
modules allow designers to efficiently create a product’s architecture by integrating the modules’
functions (Huang and Kusiak 1998; Sosa, Eppinger, and Rowles 2003; Gershenson, Prasad, and Zhang
2003; Fixson 2007). The functional interactions typically indicate the degree of modularity among
modules at the beginning of the product development process, thereby enabling designers to make
decisions such as to extend, upgrade, or maintain existing modules. The AIM algorithm presented in this
chapter analyzed 120 functional associations across the 16 modules of an automotive climate control
system. In order to validate the accuracy of the analysis results, a paired t-test and confusion matrix were
performed to compare the results with manual DSM analysis. The results of the paired t-test, which
calculated a t-value of 0.00, a P-value of 1.000, and an α of 0.05, indicate that there is no significant
difference between the functional interactions of each module from the AIM and the manual DSM.
Testing each interaction with a confusion matrix shows that the AIM also has 94% accuracy when
benchmarked against the manual DSM generation. The AIM analyzes low interactions among the
modules with 98% precision and 96% recall, while high interactions among the modules have 50%
precision and 67% recall. The AIM performed less accurately for extracting high interactions between
modules. However, it discovers functionally detachable modules and guides designers in terms of which
modules can be potentially detached, revised, or enhanced with minimal impact on other subsystems.
Thus, improving the methodology to accurately extract high functional interactions from functional
descriptions may enable designers to discover modules that can be integrated during the creation of new
modules for next generation products. Since each statistical verification model demonstrates that the
functional associations from the AIM are reliable for generating design concepts, this dissertation
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supports designers in focusing more on idea generation rather than functional mapping by employing a
topic modeling technique, which automates the functional association between modules.
In Chapter 7, this dissertation also presents a new way of treating EOL products as “product
resynthesis,” which takes into account the environmental impacts on Bisociations. This chapter
hypothesizes that resyntheszing EOL products improves the economic profits of an enterprise that deals
with EOL products. This chapter proposes a new post-recovery method of resynthesis using disassembly
methods, product similarity/modularity, and profit-based optimization. On the basis of the Environmental
Protection Agency (EPA) report, over two million electronic products were discarded in 2008, and only a
small amount of electronic component-based waste is treated with EOL decision making, with the
remainder of these electronics going directly to landfills and incinerators (EPA 2008). Although
organized disposal can be very useful when discarding hazardous waste, the negative environmental
effects involved in these disposal methods demand attention. The increase of waste and the comparatively
low growth of waste treatment methodologies have incurred the demand for better utilization of the
products deemed unfit for use. Sustainable design focuses on eliminating the negative impacts of design
artifacts on the environment through skilled design methodologies that consider the natural environment
as an inherent factor in designing new products or altering old ones. A mixed integer linear optimization
model is used to solve the EOL decision model, and an example using a mouse-shaped whiteboard eraser
is presented. The profit gained by the traditional four EOL options (dispose, reuse, remanufacture, and
recycle) is $3,248,000. However, the model calculates the value as $4,065,000, which is 20% higher than
the previous profit, by considering the fifth option, resynthesis, which is an extension of Bisociative
design to EOL options. Compared to existing EOL options (reusing, recycling, remanufacturing, and
permanent disposal) the resynthesis process generates design concepts that lead to creating new value for
EOL products. This resynthesis process takes into account the design costs, economic value, and
environmental impacts of creating next generation products on the basis of EOL products in order to
determine optimal EOL decisions. The results from this research can be extended by sharing EOL
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operations as well as disassembly operations between products, considering products have multiple
functions and uncertainties, such as quality and reliability. In addition, the effective age of the take-back
products can be added to the model. Anticipating EOL decisions can result in significant design
modifications. Therefore, determining the specific redesign guidelines according to the results of the
model can be investigated in future research.
The Bisociative design methodology is a comprehensive engineering design process that
improves each step of NPD by using automated and semi-automated approaches. Although automated
approaches, which can discover product attributes for developing next generation products, generate
differentiated design concepts, the fundamental purpose of developing a new product is to create a
product that succeeds in the market. Therefore, this work demonstrates that resulting design concepts
from the methodology are not only distinct from existing product designs but also correlate to an increase
in enterprise sales.
This work limited product attributes to form and function. However, additional attributes, such as
behavior and material, are also important design factors that designers need in order to create next
generation products. By extending a Bisociative design methodology, which can discover new behaviors
or materials for next generation products, designers could develop design concepts that predict how the
product looks, operates, and interacts. As form and function attributes are systematically defined and
transformed as metrics that can measure Bisociation between products, each behavior and material needs
to be established as product attributes in NPD. Designers will be able to acquire more product design data
in the future, since the complexity and amount of data from these new product attributes will grow faster
due to technological developments. For instance, by receiving and communicating data from each sensor
that will be included in multiple products, the internet of things (IOT) will perpetually generate product
information. Three-dimensional scanners will lead to faster transitions to the form of an actual product
from its 3D graphic representation, which may allow designers to analyze various kinds of tangible
product data that relate to the form attribute, such as texture and color. In order to develop a design
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methodology that can include more attributes than form and function, the remaining manual approaches in
current NPD need to be improved with automatic approaches. When this stage comes, designers may
simulate the design concepts in each step of the NPD process, including the prototype stage. Employing
3D printing may demonstrate the design concept in practice. The Bisociative design methodology
presented in this dissertation aims to support designers by quantifying the associations between design
requirements and different products, hereby enabling designers to efﬁciently search previously unknown
design knowledge that may be relevant to the designing of innovative, next generation products.
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Appendix A
Patents of The Di2 Systems from Shimano

US20060183584
US20070191159
US20070207885
US5653649
US6015159
US6073061
US6227068
US6367833
US6682087
US6725143
US6740003
US6741045
US6774771
US6834876
US6835148
US6866279
US6877755
US6899649
US6979009
US7243937
US7247108
US7264256
US7290458
US7306531
US7399244
US7467567
US7547263
US7651423
US7704173
US7805268
US7874567
US7900946
US7980974

US8137223
US8241158
US8282519
US8286529
US8360909
US8882122
US8998756
USRE41782
US8025597
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Appendix B
Patents of The Traditional Transmission Systems from Shimano

US 7100471
US 7228756
US 5701786
US 5203213
US 5020387
US 20150094179
US 20070129193
US 20070265122
US 20150210353
US 5073151
US 5087226
US 5192248
US 5954604
US 5904072
US 6014913
US 5819600
US 6058803
US 20050217417
US 20060112780
US 7527277
US 6443032
US 5085620
US 7438657
US 20040127314
US 5620384
US 5779581
US 6234927
US 6099425
US 6923740
US 5624336
US 7081058
US 6629903
US 4955849

US 7677998
US 7722486
US 7438658
US 5246405
US 7651424
US 7361110
US 6287228
US 20080103000
US 20060194660
US 20060058135
US 20050192141
S 20040116222
US 5518456
US 4610644
US6135905
US 5836844
US 5695421
US 6290621
US 7665384
US 5085621
US 6340338
US 6341538
US 4229987
US 20070202978
US 5682794
US 6155132
US 6647823
US 5829313
US 7152497
US 5617761
US 20070068312
US 6860171
US 5728018

US 5860880
US 5624335
US20040163486
US20050109148
US20080295636
US20020139218
US20020139637
US20040144193
US7824287
US7967709
US6039665
US6176798
US5893299
US5988016
US5845543
US5852954
US5907980
US6145184
US20070241530
US7240585
US7472626
US20030172771
US20050039570
US20070298920
US7014584
US5496222
US6962544
US20030100393
US20040166973
US7186194,
US20040157690,
US20060035737
US20080300076

US20070135249
US7722489
US20060058133
US20080305902
US20080026888
US8007383
US8025598
US20080096706
US7396304
US7318784
US7189172
US 4755162
US6419602
US6470767
US6482115
US20020033066
US20020033067
US 7437969 B2
US 7721621 B2
US 8549955 B2
US20060070479
US20070137386
US20080295635
US6792825
US20030000333
US 6393939
US6276885,
US6415684
US 8375824
US20080314185
US 7914407
US 5961409
US20070178998
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Appendix C
Design Structure Matrix of Ford’s Automotive Climate Control System
Manual DSM analysis of Ford’ automotive climate control system (Pimmler and Eppinger 1994)
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