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Abstract

The goal of this research is to propose a data mining based design framework that can be used to solve complex sys-
tems design problems in a timely and efficient manner, with the main focus being product family design problems.
Traditional data acquisition techniques that have been employed in the product design community have relied primar-
ily on customer survey data or focus group feedback as a means of integrating customer preference information into
the product design process. The reliance of direct customer interaction can be costly and time consuming and may
therefore limit the overall size and complexity of the customer preference data. Furthermore, since survey data typi-
cally represents stated customer preferences (customer responses for hypothetical product designs, rather than actual
product purchasing decisions made), design engineers may not know the true customer preferences for specific product
attributes, a challenge that could ultimately result in misguided product designs. By analyzing large scale time series
consumer data, new products can be designed that anticipate emerging product preference trends in the market space.
The proposed data trend mining algorithm will enable design engineers to determine how to characterize attributes
based on their relevance to the overall product design. A cell phone case study is used to demonstrate product design
problems involving new product concept generation and an aerodynamic particle separator case study is presented
for product design problems requiring attribute relevance characterization and product family clustering. Finally, it
is shown that the proposed trend mining methodology can be expanded beyond product design problems to include

systems of systems design problems such as military systems simulations.
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Chapter 1

Introduction

The emergence of highly competitive markets in the global market space have caused companies to reevaluate strate-
gies for ensuring sustainable business endeavors. Attempts to satisfy a wide array of customers quickly and efficiently
have lead to the concept of product customization, wherein enterprise decision makers strive to better cater to the
needs of their customers through a wider array of products to choose from [3]. In this product design and develop-
ment paradigm, the physical and functional characteristics of products are more flexible to address the rapid changing
customer needs [4]. Though the strategy of mass customization has great potential to increase market share and en-
terprise competitive advantage, efficient execution and management of such large scale operations can prove quite
cumbersome, especially during the manufacturing process reconfiguration. In an attempt to mitigate some of the costs
associated with customization, companies have focused on commonality among product variants [5].

Commonality among product variants has the potential to reduce the design and manufacturing complexities that
may arise due to mass customization. Products designed around a shared and efficient product architecture can reap
the benefits of economies of scale [6] that exist due to a consistent and stable manufacturing process. The term product
architecture is frequently defined as the set of modules/components wherein product variants evolve [7, 8, 9]. In many
instances, product variety and product commonality are competing objectives. On one hand, the more diverse a product
portfolio is, the fewer shared components within the product family. On the other hand, the more similar a product
portfolio is, the greater the potential for shared components within the product family. These tradeoff decisions should
be justified based on the level of customer satisfaction and overall enterprise profits. There have been many proposals
for determining customer preference information and the degree of commonality in product design and development.
However, the lack of standard performance metrics to evaluate product family decisions has hindered consensus in this
field [10].Companies continue to place a high premium on the methodologies needed to ensure that mass customization

decisions lead to increased, consistent profit margins.



1.1 Objective and Scope

This research aims to develop a Multidisciplinary Design Optimization (MDO) approach to product design through a
synergistic methodology that incorporates the objectives of each discipline (marketing, engineering design, manufac-
turing, distribution, etc.) into the realization of an optimal product portfolio. As consumers’ demand for customizable
products continue to increase, companies are faced with the complex challenge of balancing design and manufactur-
ing costs. The product family paradigm allows companies to design products around a shared and efficient product
architecture. This allows for cost savings benefits to be realized through economies of scale that exist as a result of
component sharing decisions. Commonality decisions between products can however lead to decreased product per-
formance and ultimately, diminished customer demand. With the incorporation of predictive data mining techniques,
this research merges customer preferences directly with engineering design to achieve an optimal family of prod-
ucts. This process is an iterative approach that employs the decomposition and integration techniques of multilevel
optimization.

Although this research has focused primarily on machine learning in the context of product design, it can be
extended to other complex systems design problems involving large scale data generation. One such expansion has
been the application of the aforementioned machine learning approaches to Systems of Systems research involving
the simulation of military operations. Through collaborative research with Sandia National Laboratories, it has been
demonstrated that machine learning techniques can be employed in Systems of Systems problems to help quantify
critical military systems relevant to the overall mission success. The newly proposed Trend Mining algorithm that
has been employed in product design scenarios will be extended to include time varying military simulations to help

discover emerging systems trends.

1.2 Motivation

The challenges facing enterprise decision makers in the product portfolio development process are multifaceted, in-
cluding identifying candidate product concepts that have the greatest probability of market success. Attempts to design
and produce every possible product concept may be impractical in real life design processes, especially when first to
market may create tremendous competitive advantages in the market space. In such highly dynamic markets, the
acquisition and translation of customer wants into engineering design targets needs to be swift and efficient. Tra-
ditional customer preference techniques that have been employed in the design community have relied on customer
survey approaches to quantify customer wants. The time and resources needed under these traditional customer pref-
erence techniques may limit the size and complexity of the demand modeling process and hence, adversely affect the

engineering design of next generation products. Moreover, traditional demand modeling techniques frequently em-



ployed in the product design community typically generate predictive models using data from a single snapshot in time
(usually the most currently available data set) and hence may not reflect the evolving nature of product trends. The
absence of a temporal demand model for product design presents a challenge to design engineers trying to determine
the relevant product attributes to include/exclude in the next generation of products.

To overcome the aforementioned limitations of current product design methodologies, this research integrates large
scale, time series data sets of customer preference and extracts meaningful product attribute information to help guide
the product design and development process. The overall objective of maximizing company profit is realized when a

feasible set of product variants is presented in the final solution process.

1.3 Literature Review and Related Work

Model Generation Review

Customer Preference Traditional Demand Data Mining Driven Product Family Design
Data Acquisition Modeling Techniques Techniques Techniques
(Section 1.3.1) (Section 1.3.2) (Section 1.3.3) (Section 1.3.4)

Data Acquisition Review Detailed Engineering Design Review

Figure 1.1: Sequence of topics discussed in the Literature Review and Related Work section

The literature review in this dissertation is partitioned into 3 sections as illustrated in Figure 1.1: Data Acquisition
Review, Model Generation Review, and Detailed Engineering Design Review. Each section discusses the state of the
art and formally introduces concepts and terminology that will be relevant in understanding the proposed data mining

driven product design methodologies introduced later in this work.

1.3.1 Customer Preference Data Acquisition

Preference data frequently used in demand modeling techniques can be characterized as either revealed data or stated
data. Revealedpreference data can be thought of as data that is acquired directly from actual customer actions and
can be used to estimate future customer behavioral patterns [36]. Revealed preference data can be acquired through
credit card transactions, online purchases, and in-store transactions. Stated preference on the other hand deals more
with hypothetical purchasing scenarios and is more survey focused [37]. Customer data is acquired through direct
interaction where customers state their preferences based on the perceived value of a product. In stated preference
data, attributes may be more theoretical as this type of data is typically used to test novel attributes and new product

concepts. The need for close customer interaction with the stated preference data therefore limits the size of the data



set compared to revealed data that can comprise of extremely large data sets of electronic customer data.

1.3.2 Traditional Demand Modeling Techniques in Product Design
Quality Function Deployment

The Quality Function Deployment (QFD) is a design and development methodology that attempts to acquire customer
requirements (CR) otherwise known as the Voice of the Customer (VOC) and translates them into functional engi-
neering targets [11]. A conventional approach to customer preference acquisition is through focus group interviews
or surveys of a sample of current or future customers [12]. Corresponding weights are assigned to each customer
requirement based on an importance rating indicated by a customer [13, 14]. A QFD matrix is often used to depict
the interdependence between customer requirements and the engineering metrics (EM) and aid in brainstorming and
designing the optimal product to address customer needs. QFD driven product development methodologies suggest
that QFD is well suited for out of the box solutions to customer needs due to the fact that engineering design features
are evaluated based on their positive and negative contributions to solving the product design problem. The design of
the QFD matrix also makes it easier to benchmark a particular design solution against competing brands. Since the
QFD methodology is based on direct customer feedback data, the size of the data set as well as the number of attributes
studied may not capture the overall requirements of the market space. Furthermore, the customer importance weight-
ing of attributes is somewhat qualitative in nature and nonuniform amongst respondents. These limitations of QFD
based methodologies in product design serve as motivation for the data mining based product design methodology that

is proposed in this work.

Conjoint Analysis

Conjoint Analysis (CA) has been used successfully in marketing to determine how customers value combinations of
different product attributes/features [11]. In this approach, a target customer group is identified for the study and
presented with a set of attributes (survey format or prop cards [15]), each with different levels (attribute ranges) [16].
Part-worth utilities are estimated based on customer importance ranking of individual product attributes. The result-
ing utility function is used to evaluate customer preferences for different attribute combinations. Although Conjoint
Analysis application areas can range from human psychology to advertising, attempts to directly incorporate it into
engineering design optimization and product development have been investigated [17, 18, 19, 20]. These Conjoint
Analysis based product development methodologies highlight the ability of the approach to quantify specific product
attribute levels in new product development. This approach is primarily survey driven and therefore as the attribute

space becomes large, preserving the quality of the model becomes a challenge.



Discrete Choice Analysis

The Discrete Choice Analysis (DCA) approach has been employed extensively in the product design community to
model consumer choice behavior from a set of mutually exclusive, collectively exhaustive choice alternatives [21,
22, 23, 24]. DCA incorporates probabilistic choice theory in determining which product a customer is most likely
to choose, based on expected utility [25]. DCA employs a random utility to measure the variations in customer
preferences. Given m choice alternatives, it is assumed that a customer n enjoys a certain utility U,; of a given
choice alternative i, i=1, .., m [26]. From a research standpoint, only the observed utility for a customer can be
estimated, resulting in error due to utility not observed by the researcher. The utility function U,; therefore contains
a deterministic observable part (W,;), and an unobservable random part (€,;) which constitutes the error. The three
fundamental assumptions of the DCA are the following: (1) The choice set contains finite, quantifiable alternatives.
(2) The alternatives within the choice set are mutually exclusive, that is, choosing one alternative implies that no other
alternative within the choice set is selected. (3) The choice set is collectively exhaustive meaning that all possible
alternatives are included within the choice set. While there are a number of DCA techniques popular in literature (e.g.,
Multinomial Logit, Nested Logit, Mixed Logit), they are distinguished from each other by the degree of sophistication
with which they model the unobserved error and heterogeneity in customer preferences. In this work, the Multinomial
Logit (MNL) choice model is employed. The MNL choice model is also known as the conditional logit model, which
differs from standard Multinomial Logistic Regression (abbreviated MNR in this work). The MNL choice model
assumes that a respondent’s choice is a function of both the attributes of the product and the customer, rather than the
attributes of the customer only as assumed in the MNR model. The MNL model assumes that the error terms (g,;)
found in the utility function in equation (1.1) are independent and identically distributed (i.i.d) and follow a Gumbel

distribution. This is represented by:

Uni = Wi + € (11)

The deterministic part (W,;) of the utility function (U,;) can be represented by the observable independent variables Z

and the unknown coefficients B as given by the equation below [26]:

Wni:f(AhPhSn :Bn) (12)

Where,
A;: Represents the quantifiable product attributes desired by the customer
P;: Represents the price for a given product (choice alternative i)

S,: The socio-demographic attributes of a customer



B,: The unknown coefficients representing a customer’s taste preference

Estimation of the observed utility function W,,; allows for the choice probability of a design alternative to be estimated.
The probability that a customer n will choose alternative i over alternative j (ij) from a choice set C,, is mathematically
defined as [8, 20]:
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Where,

P,(i=C,,): Represents the probability that a customer n chooses alternative i within the choice set C,, .

B,: Unknown parameters estimated using the Maximum Likelihood Estimation (MLE)

Z,;: Represents the observable independent variables which include the product attributes (A), the customer demo-
graphic attributes (S) and the price of the product (P).

u: scaling parameter set to 1, assuming all choice alternatives are equally considered by customer 7.

1.3.3 Data Mining in Product Design
Static Machine Learning Models

The acquisition of customer preference data to determine patterns is vital to the overall stability and success of a
company’s next generation product portfolio. Stored data can be related to manufacturing capabilities, consumer
tendencies, distribution patterns, sales, etc. [27]. To this end, automated analysis and discovery tools that are powerful
enough to analyze large data sets are becoming more popular. As data storage and information retrieval capabilities
become more widely available, there is an emerging trend for companies to acquire and store customer preference
data. For example, the physical characteristics (vehicle horsepower, number of doors, color, etc.) of an automobile
purchased by a customer visiting a dealership, along with the customer’s demographic information (age, gender,
household income, etc.) can used to determine emerging trends in the automotive industry and design next generation
products accordingly. A great challenge in storing such data for product design purposes is the non-homogeneity
of customers preferences. Consequently, as the size of non-homogeneous data increases, so does the complexity of
identifying natural patterns within the data set. The ability to determine suitable product architectures for a particular
group of customers becomes a challenge as enterprise decision makers and engineers attempt to extract meaningful
patterns within the data set to aid in the product design and development process. Data mining in the context of
product development is an emerging area of research that has the potential to significantly impact engineering design
and manufacturing efforts [28, 29]. By identifying patterns within the large data set of customer preferences, engineers

can incorporate this knowledge in the product family design process.



The incorporation of data mining techniques in product portfolio development is emerging as a well-founded
approach to extracting and analyzing relevant customer information. Kusiak and Smith highlight several key areas in
industrial and manufacturing design processes where data mining techniques could potentially have great benefits [30].
In the context of product portfolio development, the application of data mining clustering techniques in the design of
modular products has also been investigated. Moon et al. use data mining to represent the functional requirements
of customers and use fuzzy clustering techniques to determine the module composition of a product architecture [3].
Nanda et al. propose a Product Family Ontology Development Methodology (PFODM) that utilizes a formal concept
analysis approach in the design of product families [31]. This approach incorporates existing knowledge of the product
family in generating a hierarchical conceptual clustering of design components. Agard and Kusiak [30] employ data
mining clustering techniques to segment a customer data set into candidate target markets for the design of product
families. Association rule mining is then used to determine attribute patterns in the segmented data. Menon et al
propose applying a textual based data mining approach to search large data sets within different stages of the product
development process in order to reduce human error in the analysis process [32]. The association rule mining algorithm
with support and confidence levels is used to identify patterns that exists in a call center database case study. Su et al
approach the customer segmentation problem in product development through a combination of data mining clustering

techniques; k-means, self organizing map (SOM) networks and Fuzzy Adaptive Resonance (FuzzyART) theory [33].

Time Series Machine Learning Models

The area of data mining dealing with dynamic information processing is relatively new and has great potential to
address many challenging areas of research. Change Mining is the umbrella term used to describe research involving
data evolution in dynamic data bases [34]. Data Stream Mining is a subcategory of Change Mining that deals more
with the continuous flow of data that needs to be analyzed with limited memory complications.

There have been several data mining algorithms proposed to address continuously-changing data streams. For
example, the Very Fast Decision Tree (VFDT) learner employs the Hoeffding statistic to build a decision tree classifier
that has similar predictive characteristics as a conventional decision tree learner (the C4.5 or gini based decision tree
learners) but with a fraction of the memory requirements [35]. Another example is the Concept-adapting Very Fast
Decision Tree (CVFDT) which extends the capabilities of the VFDT by enabling it to accommodate time-sensitive
streaming data that may tend to exhibit concept drift. Concept drift is a phenomenon in dynamic information pro-
cessing where the target variable shifts over time and causes the data mining model to diminish in its predictive
accuracy [36]. While these models have the ability to handle incoming data streams, they are more focused on gener-
ating/adapting a model based on incoming data, rather than understanding how the data patterns evolve altogether.

Research domains more interested in data trends, rather than the speed of the data streams also present another



interesting area of study. For example the RePro classifier is a data streaming algorithm that applies both proactive and
reactive predictions during model generation [37]. The algorithm attempts to alleviate the problems of concept drift by
anticipating concept changes and making predictions that if incorrect, cause the model to readjust and revert back to a
previous model. Another example is the PreDet algorithm that fits a polynomial regression model to the monotonically
increasing or decreasing time series attribute relevance statistics. The resulting time series model anticipates future
attribute patterns that are inherent in the evolving data [34].

In the product design domain, there has been little research in design methodologies that have the ability to capture
the evolving nature of customer preferences. The Preference Trend Mining (PTM) algorithm that is proposed in this
work differs from the PreDet and other change mining algorithms by having the ability to anticipate emerging attribute
behavior whether the attribute exhibits a monotonically increasing or decreasing trend, cyclical trend, or no trend at all.
In addition to this, the aforementioned change mining algorithms do not suggest approaches to characterize attributes
that may exhibit weaker predictive power over time. The notion of attribute irrelevance is handled by classifying
attributes based on their time series predictive power. This enables the PTM model to accommodate attributes that
may be experiencing changes in the distribution of the attribute values themselves or novel/emerging attributes. The
goal of the proposed PTM algorithm is to enable design engineers to understand changing customer preferences and

anticipate emerging product design trends in a timely and efficient manner.

1.3.4 Product Family Design

Once customer preference data has been acquired and a predictive preference model has been generated for new prod-
uct designs, engineers are then faced with the challenge of designing product portfolios that meet customer preferences
in a cost effective and efficient manner. The product family paradigm has been proposed to address the challenges
of designing products for mass customization or for highly diversified customer functionality requirements. The term
product family is frequently defined in literature as a group of related products that share an underlying product de-
sign architecture [38, 39, 29]. The product family paradigm enables companies to standardize certain aspects of a
product and at the same time provide product diversity to customers through product variants. Product cost savings
may be realized as a result of product standardization due to economies of scale (e.g., cost savings due to a standard
manufacturing line for all products, rather than a specialized manufacturing line for each product). However, greater
product standardization may also lead to lower product diversity in the market space and diminished product perfor-
mance (e.g., limited customizable features for customers such as product color, reliability, size, etc.) Therefore, in
the product family approach, the level of product standardization versus product variety presents a trade-off scenario
as product performance and appeal (from the customer’s perspective) may diminish in an attempt to increase product

standardization [38].



The product family design problem has been segmented into two well established domains: the Bottom-Up ap-
proach and the Top-Down approach [39]. In the Bottom-Up approach, companies are more interested in making
significant improvements to an existing product portfolio by combining products within the existing product family
into a new product architecture. An assumption in the Bottom-Up approach is that the newly redesigned product fam-
ily will be able to satisfy customer needs through minimal additional technology investments. On the other hand, in
the Top-Down approach to product family design, the next generation of products is not based on an existing product
family, but instead emerges from a market driven need. This need arises from the evolution of customer preferences
far beyond what the current product portfolio can satisfy [39]. In this work, a Top-Down product family methodology
is proposed that analyzes large customer preference data sets and identifies candidate product architectures that will be
used in the product family design. This product design architecture can represent a group of design components that
perform a series of functional processes. Products sharing similar product architecture can satisfy a broader range of
customer requirements simply by possessing functionality capabilities that vary beyond the underlying architecture.
The sharing of components also has the potential to reduce the time and costs associated with manufacturing diverse
products. The challenges that face such decisions include designing product variants with an excess of common com-
ponents that ultimately decrease the individual performance aspects required by customers. Therefore tradeoffs have
to be made in regards to the level of commonality exhibited by product families [40]. A major externality that drives
commonality decisions is the added pressure by customers that have established product customization as a standard
market requirement.

de Weck and Chang propose an approach that utilizes sales volume sensitivities and product variant performance
to dictate the number of optimal product architectures existing in the product portfolio [41]. Messac ef al. employ a
physical programming based approach that focuses on scale-based product family optimization. In this approach, the
concept of scaling is used to change product specifications due to external factors [38]. Gonzales-Zugasti et al. use
an Interactive Implementation approach that first establishes a product architecture design, then its variants [42]. The
assumption of a pre-existing product architecture significantly constrains the engineering design team in attempting to
satisfy external performance requirements. Other approaches by Desai et al. [43] and Kim and Chhajed [44] partition
the consumer market into two groups: high end and low end customers, and design product variants based on the
performance and quality expectations desired by each market. These approaches to some extent incorporate customer
input in the design of product families but greatly restrict the customer pool by only partitioning the market into

high-end and low-end segments, hereby possibly overlooking customers in between these two segments.



Commonality in Product Family Design

Commonality among product variants is a widely acceptable method of mitigating the inevitable cost increases of
such highly differentiated products. By designing product variants around a shared and efficient product architecture,
companies can reduce design and manufacturing costs associated with product differentiation [5, 45]. Commonality
indices in product family formulation can be traced back to works by Collier in his proposal of the Degree of Com-
monality Index (DCI) [46, 47]. The DCI is the ratio between the number of common components in a product family

and the total number of components. Mathematically, this can be represented as:

i+d

Y o

j=i+1

DCI =
d

(1.4)

Where

e ¢;: Represents the number of immediate parents that component j has over a set of end items or product structure

level(s).
e d: Represents the total number of distinct components in a complete product
e i: Represents the total number of end/highest level parent items for the product structure level(s).

The DCI can vary between / and 3, where

i+d
B=) o, (1.5)

j=itl

That is, if DCI=1, component sharing is nonexistent in the product family and products comprise of individually
unique components. On the other extreme where DCI=[, then all of the components are shared within the product
family [46]. The relative simplicity of the DCI formulation makes this a less computationally complex index for
evaluating product commonality decisions and therefore may be quite beneficial for low fidelity optimization models.
One major limitation of this approach however is the difficulties in evaluating commonality decisions across highly
diverse product families. Later works by Collier propose an improvement to the DCI metric by introducing the

Total Constant Commonality Index (TCCI) [37]. In this formulation, an absolute bound is set within [0,1] to gain
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a quantifiable measurement of commonality decisions. In this updated index, increases in the degree of commonality
are easier to measure. Other contributions such as that proposed by Jiao and Tseng [48] expand on the DCI by Collier
to include production, operating, and component costs.

With the Product Line Commonality Index (PCI) introduced by Kota, et al [49], product families comprising of
highly differentiated products are penalized on the basis of lack of component similarity. This is a departure from the
DCI that penalizes for product variety, which in some cases may be what the customer market demands.

In the product commonality approach adopted by Fellini et al., null platform optimal designs are first identified and
with the incorporation of sensitivity information of the design variables [50, 8]. A performance deviation vector (IT)
is then computed, with component sharing decisions subsequently made on the basis of the acceptable performance
deviation from the performance deviation vector [8].

The Percent Commonality Index (%C) partitions the commonality problem into 3 separate categories: Namely,
Component, Connection and Assembly [51]. The number of similar components present in a product family is repre-
sented by the component commonality while the connection commonality represents the level common connections
between components. The assembly commonality index is similar to the previous, as it measures the level of common
assembly workstations [47]. The combination of these three metrics gives the commonality evaluation for a particular
architecture. Similar works by Martin and Ishii [52] define a Commonality Index that identifies unique components as
the basis of commonality decisions.

More recent contributions to the product family commonality paradigm are introduced by Thevenot and Simpson
[53] with their proposed Comprehensive Metric for Commonality (CMC). The CMC approach classifies components
based on its cost C; and fj; factors, as defined by the methodology [53]. A predefined rating criteria is used to

reward/penalize commonality decisions based on the CMC.

1.4 Overview of Data Mining Driven Design Methodology

The proposed product design research methodology aims to systematically link customer product preferences with
the enterprise decision making processes in an attempt to design an optimal portfolio of products that meets enter-
prise level targets, while at the same time satisfying customer needs. The customer preference modeling is based
on data mining/machine learning principles while the engineering product validation is formulated as a multi-level
optimization model. This multi-level optimization strategy aims to maintain consistent interaction among all facets of
the product development process (customer predicted targets, product component sharing, enterprise profit objectives,
etc.). The process from data extraction to predictive product design model is illustrated in Figure 1.2, with the detailed

description of each step presented below.
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Figure 1.2: Overall Predictive Product Portfolio Formulation (Adapted from D2K manual [1])

1.4.1 PHASE 1: Customer Knowledge Discovery

Knowledge Discovery in Databases (KDD) has become known as the nontrivial means of extracting information in
large scale databases that were previously too complex for human analysis [54]. As data extraction and storage capabil-
ities become cheaper and more readily available, there is tremendous opportunity for design engineers and enterprise
decision makers to incorporate this vast wealth of knowledge directly into new product development efforts. Data
mining is a step along the KDD process that utilizes machine learning algorithms to extract meaningful, previously
unknown information from large data sets [27]. The concept of data mining can be applied to product portfolio for-
mulation wherein the exact product specifications and manufacturing quantity (predicted demand information for each
individual product concept) can be determined directly from data mining predictions. The process from data extraction

to predictive model is as follows (Figure 1.2):

Step 1: Data Acquisition

The acquisition and storage of data is paramount in the product portfolio formulation process. The process begins by
acquiring the raw data set to be used in the data mining sequence. This data can be acquired in several ways. One
approach is by conducting a realistic customer survey to capture customer product preferences, then translating these
preferences into meaningful engineering design targets [55]. Another approach would be for this data to already exist
in a data warehouse, i.e., stored data from past customer purchasing behavior (e.g., SOL Server) [56].

Traditional Database Management Systems (DBMS) can be found in many of today’s large corporations and have
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become the foundation of modern day data storage and analysis [S7]. The success of the internet has increased the
importance of Database Management Systems in areas such as business transactions, communication networks, social
networks, to name but a few. DBMS have evolved since the early concepts proposed in the early 1960s that were
based on the CODASYL query language [58]. A significant advancement in DBMS came when Ted Codd proposed a
novel representation of data as relations that could then be queried using a high level language such as the Structured
Query Language (SQL) [59]. The Entity-Relationship (ER) [60] model proposed by Peter Chen in subsequent years
helped compliment the original Relational model by providing a providing a more microscopic representation of the
interactions within the data itself. Together, both the Relations model and the ER model form the foundation of many

of today’s large scale Database Management Systems.

Step 2: Data Preprocessing (Data Selection and Cleaning)

Once the data has been captured from Step 1, Step 2 is where irrelevant or noisy data is identified and removed and
relevant data is extracted from the raw data [56]. There are many well established approaches that deal with missing
attributes or ambiguous responses ranging from most common attribute, event covering method, or ignoring the value
altogether [61, 62, 63]. When dealing with electronic transactional data (online, in-store), it is then possible to collect,
clean and store this data in a data warehouse. A data warehouse is a preprocessing stage that integrates all data into
one source (this includes, raw data, historical data, summarized data, etc.)[64]. The accuracy of the data mining model
will be highly dependent on the data selection and cleaning step and it is therefore important that considerable time
is allocated to preparing high quality data for the pattern discovery step that follows. There are many algorithms
that exist in today’s data mining analysis tools that are now capable of incorporating this data selection and cleaning

process directly with the overall knowledge discovery process [1, 65].

Step 3: Data Transformation

The final data preprocessing step involves transforming the data into acceptable forms for the appropriate mining
algorithm. Data transformations can include binning, normalizing, missing value imputation, etc. [66]. This can either

be done manually by the user or automatically by a data mining analysis tool [1].

Step 4: Data Mining/ Pattern Discovery

The majority of the work in this dissertation focuses on proposing specific Data Mining/ Pattern Discovery method-
ologies to address a variation of product design challenges. Engineers will be able to assess their existing engineering

design needs and employ one of the proposed product design methodologies below to help solve them:
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e Naive Bayes Classification for Flexible Product Design: For design problems involving flexibility in the product
attribute space, the Naive Bayes machine learning approach is employed to help design engineers understand
the implications of attribute inclusion/exclusion in new product design. That is, given a large customer data
set containing revealed preference data (customer product preferences acquired after a customer has made a
purchasing decision, ex: credit card transactions, store purchases or online transactions, etc.), design engineers
can include/exclude certain product attributes and observe the subsequent consequence on the overall product
design objective. The final set of attributes is then linked with a multilevel optimization model for product

design optimization.

o ReliefF and X-means Clustering for Product Family Design: For product family design problems involving mul-
tiple products, design engineers may not always know the total number of products that would satisfy a specific
subset of customers. Furthermore, design engineers may want to quantify and rank the relevance of attributes
so that product designs can be more customizable. The ReliefF attribute weighting machine learning technique
is proposed to help design engineers quantify attribute relevance to the overall product design decisions made
by customers. The X-Means clustering technique can then be employed to group similar product designs based
on the overall structure of the given product data, rather than an approximation by engineers. As a result, the
appropriate number of products within a product family can be identified and designed around a shared and

efficient product architecture.

e Decision Tree Classification for Product Concept Generation: The C4.5 Decision Tree Classification technique
has been employed for solving product concept generation problems where design engineers are primarily fo-
cused on identifying relevant attribute combinations pertaining to a given design objective. This iterative ma-
chine learning technique generates a set of decision rules that can be then used to guide new product designs,
modeled as a multilevel optimization problem. This approach is well suited for large scale customer data in-
volving a high dimensional attribute space as the resulting decision tree will only include attribute combinations

that are strong indicators of an overall product design objective.

e Trend Mining for Predictive Product Design: Although several machine learning techniques exist dealing with
temporal data, there exists the need for a data mining algorithm that specifically captures evolving customer
preference in product design. To solve this, a trend mining algorithm is proposed to help quantify and model
changes in customer preference towards given product design attributes. An attribute classification model is
proposed to help design engineers make decisions involving attributes that are deemed irrelevant by a machine
learning algorithm. That is, if an attribute is consistently characterized as irrelevant to the overall product design

objective, design engineers can consider this attribute obsolete and exclude from all future product designs,
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standard and include in future product designs (regardless of its irrelevant characterization by the machine
learning model), or non- standard and realize that such an attribute has not been fully adopted/understood in

the market segment and therefore has no consistent effect on product design decisions.

e Capturing Product Preference Trends Using Publicly Available Customer Review Data: A major challenge that
has plagued the product design community has been the lack of large scale, realistic customer data to validate
proposed product design methodologies or solve complex design problems. Researchers and design engineers
often resort to conducting customer surveys or focus group interviews that can be costly and time consuming.
Recent research studies have shown that a major online retail company can have as many as 10 million active
product reviews while it has been reported that more than 50% of online customers indicated that customer
reviews played an important role in influencing their purchasing decisions. Based on these findings, a publicly
available online interface (www.trendminingdesign.com) has been developed that is built upon an automated
computer exploration algorithm that captures and stores time series product preference data. This research aims
to provide design engineers with direct access to large scale, time series customer preference data that can be

used to guide next generation product designs.

Step 5: Interpretation and Evaluation:

The results from the Knowledge Discovery phase will aid in the next generation product design process by systemat-
ically linking novel, previously unknown customer preferences with a detailed engineering design model for product

design validation (Phase 2).

1.4.2 PHASE 2: Linking Customer Knowledge Discovery with Product Design
Solving Product Family Design Problems Through Multidisciplinary Design Optimization Techniques

With the incorporation of predictive data mining and machine learning techniques, this research merges customer
preferences directly with engineering design to achieve the most profitable, and concurrently the most desirable family
of products. This process is an iterative approach that employs the decomposition and integration techniques proposed
to solve Multidisciplinary Design Optimization problems. Multidisciplinary Design Optimization (MDO) is a systems
engineering approach to designing complex systems (such as automotive, aeroplanes, consumer electronics, etc.)
across multiple disciplines in a decomposed setting [67]. This departs from conventional All In One (AIO) formulation
that integrates subsystem design variables and constraints in an overall system objective [68]. The major driving force
for the paradigm shift is the computational complexities that are involved in solving AIO problems involving multiple

disciplines. The MDO solution approach addresses these challenges in many ways, one of which is by decomposing
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the overall system objective into subsystem models that can be solved more efficiently [67].

There have been several proposed approaches to solving MDO problems such as Collaborative Optimization [69],
Bi-Level Integrated System Synthesis (BLISS) [70], the constraint margin approach based on the decomposition of
quasi separable problems [71], Analytical Target Cascading (ATC)[72, 73, 74, 75], Penalty Decomposition (PD) meth-
ods [76], an augmented Lagrangian decomposition method (for quasi-separable problems) [71], to name but a few.
The solution approach is highly dependent on the type of problem being solved as each algorithm has its strengths and
limitations.

The ATC decomposition approach has been employed to solve product family design problems, where customer
predictive targets are to be satisfied by an engineering design response. The linking variable concept proposed by ATC
will be utilized in the commonality and component sharing decisions discussed later in the work as well as the criteria

for determining optimality (Matching customer targets with engineering response).

Analytical Target Cascading Analytical Target Cascading (ATC) is a multilevel decomposition approach for solv-
ing large scale engineering problems [77]. In the product development process, matching performance targets closely
with final product functionality is paramount and hence the need for a robust design methodology to help accomplish
this.

The ATC formulation process partitions the AIO problem into system and subsystem levels, enabling top level

system design targets to be cascaded down to lower subsystem level. The steps are [75]:
1. Development of appropriate analysis models
2. Partitioning the system
3. Formulating the target problems for each element of the partition
4. Solving the partitioned problem through a coordination strategy to compute all stated targets

ATC has also been extended to product families through the linking variable concept wherein subsystems attempt
to share common design variables [78]. A predefined architecture is presented and products attempt to share com-
mon components while still maintaining a consistent hierarchical ATC formulation. The goal of this approach is to
realize the benefits of commonality of parts among variants. This is modeled by the shared linking variable in the bi-
level quasi-separable problem formulation that attempts to achieve an optimal design solution for each product while
concurrently satisfying specific product functionality requirements [76]. The term quasi-separable is used to denote
independent subproblems that share a common design variable/component. In this work, subproblem simply means
a unique product design. The bi-level formulation is used in this work to coordinate these sharing decisions among

subproblems. Therefore, the individual subproblem formulation for the bi-level quasi-separable problem is as follows:
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Minimize f; (y,x ,Xi)

Subject to:

g (YoioXk) <0 (1.6)

hy(y 4 Xk) =0 (1.7)

For the quasi-separable formulation, each x; represents the vector of local design variables unique to each subproblem
(k), where k=1,..., K subproblems. The vector of linking variables y;; makes the subproblems quasi-separable as
each subproblem sharing a linking variable becomes influenced by the solution of other subproblems sharing the same
linking variable. A master problem is used to coordinate the linking variable among subproblems and is explained in
more detail in each chapter of this dissertation where the ATC decomposition technique is employed.

The Analytical Target Cascading formulation described above will serve as the multi-level optimization framework

in this dissertation and will be used to solve the data mining driven product family/portfolio design problems.

Chapter 1:
Introduction

[ Data Mining Driven Product Portfolio Design ]

Chapter 6:
Customer Review
Text Mining

Chapter 2: Chapter 3: Chapter 4: Chapter 5:
Naive Bayes for X-Means Clustering for Decision Tree Classification: Trend Mining for

Flexible Product Design Product Family Design Product Concept Generation Predictive Product Design

Conclusion and Future work

[ Chapter 7 ]

Figure 1.3: Overall organization of dissertation
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1.5 Opverall Organization

This dissertation is organized as seen in Figure 1.3. Chapter 1 provides an introduction and motivation of this disser-
tation. Chapter 2 proposes a Naive Bayes product design methodology to address product design problems involving
flexibility in attribute selection. Chapter 3 proposes a machine learning clustering technique for product family de-
signs involving multiple operating states. Chapter 4 presents a product concept generation methodology for large
scale consumer preference data. Chapter 5 proposes a data trend mining algorithm for capturing consumer preference
trends and attribute relevance over time. Chapter 6 proposes a methodology of capturing product trends using publicly

available customer review data. Chapter 7 concludes the dissertation and discusses future work in the research domain.
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Chapter 2

Naive Bayes Classification for Flexible
Product Design

2.1 Flexible Product Design Methodology

The Naive Bayes data mining technique is proposed for product design scenarios involving flexibility in the product
attribute selection process. The Naive Bayes data mining technique can handle large scale customer preference data,
making the product design attribute selection process efficient and cost effective. In the proposed product design
methodology, specific attributes can be selected manually (as the conditional probability is sequentially updated), with
corresponding class prediction updated accordingly. The Naive Bayes data mining approach to classifying is based
on the fundamental assumption of attribute independence in predicting the class variable [79, 80]. The correct class
prediction is achieved so long as it is more probable than any other class [81]. Since the Naive Bayes class prediction is
updated with each subsequent attribute selection/deselection, it is possible for enterprise decision makers to model the
product design process as an optimization problem, where the overall objective would be to maximize the probability
of predicting a single class variable, given a combination of attributes.

The flow diagram in Figure 2.1 illustrates the flexible product portfolio design methodology by employing the

Naive Bayes data mining technique, linked with multilevel optimization.

Naive Bayesian Model

The Naive Bayes algorithm builds a predictive model based on supporting evidence from a fraction (typically 2/3rds)
of the customer preference data used to train the computer learning model [1]. Applied to a customer’s maximum
purchasing price, the Naive Bayesian model can be posed as follows:
e Given N elements in a set of customer attributes a; € A.
e The dependent class variable MaxPrice(y) has outcomes conditional on customer attributes a;, ..., ay
plag,...anly)

e p(Ylai,...,an)=p(y)- O CT R— Probability of MaxPrice(Yy), given certain input attribute(s)

e Since the denominator of the above equation is independent of MaxPrice () and the input attributes are known

a priori, the denominator is essentially constant and can therefore be ignored [80] .
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Figure 2.1: Flow Diagram of Naive Bayes Flexible Product Design Methodology

e Using the definition of conditional probability: [82]

p(Y|a17"'7aN) = p('Y)'p(Cll,---7ClN"Y) 2.1
= p(V)-plaily)-plaz,....anlv,a1) (2.2
= p(’Y) 'P(a1|Y) 'p(a2|Y’al)"'p(aNl'Yval7a2""aN—1) (2.3)

The fundamental basis of the Naive Bayesian model is the assumption of conditional independence of each input
attribute, i.e. attribute a; is independent of a; where i # j [80]. This is a valid assumption for the cell phone case study
that will be expounded on later. For example, the assumption is made that: The probability that a cell phone is a flip
design, given a MaxPrice of $200 is independent of the probability that a cell phone has a battery life of 5 hours, given

the same MaxPrice of $200.

e The assumption of independence enables the conditional distribution of MaxPrice () to be expressed as [79]
p(vai,...ay) = pW]]p(aly) (2.4)
i=k

A machine learning approach known as Supervised Learning attempts to estimate the parameters of the developed
Naive Bayesian model [83]. The assumption of attribute independence allows the class variable (MaxPrice) to be

estimated prior to testing the model. The Naive Bayes Classifier combines the probability model with a decision rule;
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in most cases, a most probable hypothesis rule known as maximum a posteriori probability (MAP) is computed, which
determines the maximum likelihood of a given class [80]. The function is modeled as follows, where arg max is the

likelihood estimator of MaxPrice [79].

n

classify(ay,...,ay) = arg maxy p(I') Hp (AD) (2.5)
i=k

e Where I takes on a value in the set v, i.e. the value of MaxPrice must match a numerical value of one of the

elements in the MaxPrice set.

e Similarly, A; takes on a value in the set g;, i.e. attribute value i takes on a value of an element that exists in the

overall attribute set.

Prior knowledge of the attribute distribution is assumed and a point estimate of the class variable can be obtained [84].
Based on the posterior distribution, the class variable 7 is estimated as the statistical mode or in other words, the most
recurring. The Naive Bayes Classifier using the maximum a posteriori [79] decision rule is a valid approach in the
study of customer predictive preferences, as the model takes into account a priori [85] preference of attributes. The
robustness of the classifier validates the assumption of attribute independence and correctly predicts the class variable
MaxPrice [80]. The following simple example illustrates the predictive strengths of the Naive Bayes Classifier in
determining previously unknown knowledge from a given customer data set.

There are 10 unique customer responses represented by each row in the example data set (Table 2.2). The 3 attribute
types (Phone Type, Connectivity, Feature) are mutually exclusive and comprise of binary selections. For example,
the first attribute Phone Type can assume one of two values, (Flip or Shell), etc. The objective is to determine what
combination of attributes would result in a particular class variable prediction, i.e., purchase a phone (Yes or No). For
example, assume that a cell phone design having the attributes Flip phone, Bluetooth, MP3 needs to be classified.
Note that this attribute combination does not exist in the example data set (Table 2.2) and such a classification would
therefore be considered as new, previously unknown knowledge [54]. To determine the class (Purchase Phone= Yes
or No) that such an attribute combination would fall under, the conditional probability rule explained in equation (2.4)
is employed. The conditional probabilities of each attribute are presented in Table 2.1 and the subsequent classification

presented in the following calculations.
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Table 2.1: Conditional probability calculations for each attribute

Conditional Probabilities Class Prediction
A< _NA—
- N )

Purchase Phone=YES Purchase Phone=NO
(4 Occurrences) (6 Occurrences)

P(Phone Type=Flip | Purchase Phone=YES) 2/4

P(Connectivity=Bluetooth | Purchase Phone=YES) 2/4

P(Feature=MP3 | Purchase Phone =YES) 3/4

P(Phone Type=Flip | Purchase Phone=NO) 4/6

P(Connectivity=Bluetooth | Purchase Phone=NO) 2/6

P(Feature=MP3 | Purchase Phone =NO) 3/6

p(YES|FlipPhone,Bluetooth, MP3)

= p(YES)- p(FlipPhone|YES) - p(Bluetooth|YES) - p(MP3|YES)
4

o =0.075 (2.6)

23
4 4

INAIY

p(NO|FlipPhone,Bluetooth, MP3)

p(NO) - p(FlipPhone|NO) - p(Bluetooth|NO) - p(MP3|NO)

6 423
= 15 g ¢ g = 0067 2.7)

The maximum likelihood function utilized by the Naive Bayes model selects the class variable with the maximum
likelihood of occurring, which in this case would be Purchase Phone=YES with a probability of 0.075. In other
words, this new combination of cell phone attributes has the potential of appealing to the consumer market and would
therefore be a candidate cell phone design. Such powerful insights have the potential to significantly enhance the
product family formulation process as attribute combinations can be analyzed and optimized to achieve a more efficient
product development strategy.

This example is a simplified version of the actual customer preference data utilized in this work which comprises
of a customer data set of 100,000 and a wider array of attributes. Despite such a large data set, the final Naive Bayes

predictive results took less than 300 seconds to generate, running on an Intel Pentium IV desktop (3.2 GHz).
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Table 2.2: Sample customer response data

Attribute Selections Class Variable
s N~ Y A N
Customer Phone Type Connectivity Feature Purchase Phone?
1 Flip Wifi MP3 NO
2 Shell Bluetooth Camera YES
3 Shell Wifi MP3 NO
4 Shell Bluetooth MP3 NO
5 Flip Wifi Camera NO
6 Flip Wifi MP3 YES
7 Shell Bluetooth MP3 YES
8 Flip Bluetooth Camera NO
9 Flip Wifi MP3 YES
10 Flip Wifi Camera NO

Data Mining using Data to Knowledge (D2K)

The predictive model will enable a seamless translation of customer data into tangible design targets for the engineering
design level. Selection or deselection of attributes to observe the effects on the class variable (MaxPrice) can be
formulated as a Mixed Integer Programming Problem [86], where the objective is to search through a combination of
attributes that would yield the MaxPrice and market share percentages needed to maximize the overall profit of the
company.

The visual representation in Figure 2.2 is the D2K Graphical User Interface output that enables the user to manually
select/deselect attributes that influence the MaxPrice prediction. The square box enclosing each attribute indicates
which attributes are active in the predictive model. Only one parameter value per attribute can be active at once
due to the Naive Bayes assumption of attribute independence. The Naive Bayesian prediction of MaxPrice has a
percentage value associated with each MaxPrice prediction which translates into the percentage of customers with the
same MaxPrice prediction. If none of the attributes are selected, then the MaxPrice prediction is calculated solely on

the initial state of information, i.e. the surveyed customers and their overall preferences.

The active attributes in the prediction of MaxPrice are set as targets at the engineering design sub-level, while the
MaxPrice is used to determine the enterprise profit for product variant i. In order to ensure an optimal product that
satisfies customer wants, customer targets cascaded down to the engineering sub-level are weighted more than any
other objective in the engineering sub-level such as cost minimization.

The iterative process of trying to match customer targets with the engineering capabilities yields an optimal product

that is both profitable and desirable to customers. The overall process from D2K’s Naive Bayes prediction of MaxPrice
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Figure 2.2: D2K Naive Bayes Prediction of Maximum Customer Purchasing Price (MaxPrice) and associated Market Share o;.

to product design and development using multi-level optimization (analytical target setting [§7] and analytical target
cascading [72] are utilized in the proposed approach ) in the engineering level is illustrated in Figure 2.2.
Commonality is achieved by the linking of component variables among architectures. The proposed methodology
suggests that commonality decisions be made on the primary basis of how they affect customer preferences and ulti-
mately, enterprise profit. The Mcconnell/Stigler relationship between unit cost and output suggests that diseconomies
of scale may mitigate the cost-savings benefit that commonality provides to the manufacturing process as output
increases exponentially [88]. Therefore, the benefits of commonality and modularity will focus less on the manufac-
turing cost savings, but rather on overall company profit. The reason for this performance metric shift is due to the
ambiguities that exist when product manufacturing cost is the primary reason for justifying sharing decisions. Such
cost minimization commonality decisions may have adverse effects on the satisfaction of intended customers who may
suffer due to performance sacrifices in an attempt to reduce cost. Future research aspirations include incorporating the
entire supply chain process into the product family cost model to better understand the effects of downstream processes

in enterprise decision making.

2.1.1 Product Portfolio Optimization at Product Family Supersystem Level

The primary product portfolio objective is achieved through a finite launch of product architectures deemed most prof-

itable by the enterprise system level objective. The profit maximizing objective is realized through an iterative process
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of acquiring the maximum price (MaxPrice) a customer is willing to pay for a particular product (determined by a
customer predictive model), and the cost derived from the component selection process that defines that particular
product. The overall maximum profit (T,,e.q;7) 1S used as the metric for this selection process, where profit,yeran 18
the summation of the individual product profits that would yield the maximum overall company profit. The product
portfolio limit used in this case study is assumed to be the maximum number of product variants in the manufac-
turing process that would allow the process to still remain efficient, i.e. the point of inflection before a company’s
manufacturing and distribution capabilities are exceeded.
Minimize
k

=) X Tariant(j) 2.8)
j=1

Where:

Myarian(j) = Profit of variant (j)

k
xj : Binary discrete variable selecting or deselecting particular product variant (Tyarians ’ ) where Z x; <K
j=1

k: Total feasible product architectures that can be designed

K: Product portfolio limit (number of architectures in the product family)

Subject To

hl: x;={0,1} je{l,....k} 2.9)
k

gl: Y xj—K <0 (2.10)
j=1

Product portfolio limit K is a finite number meaning that a company cannot produce every possible combination

of architectures, which would be an impractical real life target.

2.1.2 Enterprise System Level

The Naive Bayes predictive model allows for a customer’s maximum price (MaxPrice) value to be used in determining

the maximum Variant; profit (nVarian,j), where profit; for a particular product is determined by:

Tariant;, = MaxPricejy — Cost; (2.11)
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where

e MaxPrice;: is the Naive Bayesian prediction based on certain input attributes. The MaxPrice can be partitioned

during the customer survey to N number of price preference choices to reflect the objective of the enterprise

decision maker. i = [1,...,N]. The most probable (as defined by equation (2.5)) class variable is used in profit

calculation in equation (2.11).

e Cost;: is the engineering sub-level response for the cost needed to produce a product desired by the customers,

based on the Naive Bayes prediction.

The mathematical model at the enterprise level is summarized as follows. (The norm notation indicates || - || =

||-]/3, i.e., squared L-2 norm.)

Minimize

—TWariant; + ||TC - REm ” +ER + &y

With respect to REM=REM(xEn REnS) eg, e,

Subject to

hl:
h2:
h3:
h4 -
gl:

g2:

TWariant; — D (MaxPrice;;y — Costjy) =0

m n

Z a,'J—m:O
1

i=1j=
D — MarketDemandyarian:; = 0

N
Yo—-1=0
i=1
||REng _REngL” —€R S 0

ly—y“|| —& <0

(2.12)

(2.13)
(2.14)
(2.15)
(2.16)
(2.17)

(2.18)

(h2: Given an m x n matrix of attributes, equality constraint h2 restricts the parameter value of each attribute to only

one per row due to the Naive Bayesian assumption of attribute independence.)

where:

Wariant; * Profit of product variant j.

TC : Product variant target component predicted by Naive Bayes customer model.
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RE™ . Engineering response component cascaded up to the enterprise level.
REM=REn (xEnt RE") means that the enterprise level response is a function of system variables and the response

of the engineering subsystem level.

y : Linking variables at the enterprise level. The linking variable concept applied to product family design represent

shared attributes or components that exist among product variants.
y- : Target values for linking variable at the engineering sub-system level cascaded up to enterprise level.
€r : Deviation tolerance variable between customer component targets and engineering response.

gy : Deviation tolerance variable between linking variables.

2.1.3 Engineering Design Subsystem Level

The engineering design sub-system level is defined as the stage in product design wherein engineering design objec-

tives and constraints are formulated to produce a product/variant that satisfies the enterprise level objective [89].

Analytical Target Setting [87]

The multi-objective formulation of the engineering design sublevel focuses primarily on designing an architecture
(around which product variants are designed) at product launch that will satisfy customer wants, predicted by the
Naive Bayesian model, while simultaneously minimizing the overall cost of the product. Satisfying customer wants
is weighted more due to obvious reasons: a cheaper product will not automatically translate into an attractive product
if customer preferences are not satisfied. The mathematical model at the engineering design level is summarized as
follows:

Minimize
Costj+\|RE"gU—RE”g||+Hyj—y§-]|| (2.19)

Cost; : Cost of product variant (j)

u . . . .
RE"€” : Response from the enterprise system level, cascaded down to the engineering level (At the enterprise system

level mathematical formulation, REn s simply RE"¢),

RE" : Response from the engineering sublevel, i.e. RE"=RE"8 (XEng> YEng)- It means that the response of the engi-
neering design sublevel is a function of local design variables and also sharing linking variables (RE"¢ at the

o . L .
engineering subsystem level will become RE"$™ at the enterprise system level).
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y;: Linking variables at the engineering design level
yi-] : Target value for linking variables from the upper enterprise level cascaded down to engineering level

Subject To

J
hl: Cost — Y xiqi =0 (2.20)
i=1

design constraints : gj(xEng) <0 (2.21)

x; : Binary discrete variable selecting or deselecting particular product variant component (qvyyian:)

g; : Product variant Component (Discrete or Continuous Variable)

e Discrete Component Variable: Manufactured by a supplier with predefined performance and cost attributes

o Continuous Component Variable: Company manufactured with changing specifications to cater to dynamic

architecture design
J : Total available components in the engineering product design

The engineering design sub-system level objective is modeled as a mixed integer nonlinear programming problem
with discrete variables that dictate the component selection process and continuous variables for the engineering
designed components. A branch and bound algorithm is used to achieve an optimal solution [86]. Since there are
both discrete and continuous variables in the mathematical model, the branch and bound algorithm attempts to find
an optimal solution by first solving the relaxation problem (i.e., integer restrictions are relaxed) which is simply a
nonlinear optimization problem [86]. In the subsequent solution, if all the discrete variables take integer values, then
the mixed integer programming problem is solved and an optimal solution is reached [86]. For each discrete variable
that does not take on an integer value, the algorithm takes this variable and divides the problem (branches) into two

new nonlinear programming problems. This process is continued until a global optimum is achieved.

2.2 Application

2.2.1 Product Portfolio Formulation: Cellular Phone Product Family

To demonstrate the effectiveness of the proposed methodology, a realistic cell phone case study is presented. The
methodology begins by introducing a customer survey questionnaire (Table 2.3) that is modeled to realistically capture

the true essence of what customers want. The data is acquired through a realistic customer survey, although the
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Table 2.3: Customer Survey Questions and Response Options

Customer Data Acquisition Process

Survey Questions Survey Answer Choices

What feature would you most like your | MP3, Camera, Internet, Games,
cellular phone to have? SMSText, Just Talk

What is more important to you? Weight, Size , or Cost of Cell Phone

What type of Cell Phone Design do you |Flip Phone Design, Shell Phone Design
Like?

What Type of Connectivity would you | Bluetooth, WiFi, Infrared, None
prefer your phone to have?

What is the minimum talk time you 3 Hours, 5 Hours, 7 Hours
require before a recharge?

What is more important to you? Display Screen Size, Display Resolution

What is the Maximum Price you would | $40, $80, $120, $160, $200
be willing to pay for the features you just
described?

proposed framework is not limited to customer survey methods. For example, data can also be acquired from existing
company databases containing transactional data. Performance metrics determined by the customer prediction will be

set as targets at the engineering level.

From the results of the survey, a model can now be developed that will predict the maximum purchasing price
that a customer is willing to pay based on certain attributes. The D2K software helps to develop this model with
the transformation of the customer raw data. MaxPrice can then be used in a sensitivity analysis to determine the
profit for a particular product design, given certain selected attributes. The attributes selected are used as targets in the

engineering level.

2.2.2 Enterprise System Level
Cell Phone System Profit Optimization

The Naive Bayesian model developed by D2K allows the user to select/deselect attributes and observe the change in
MaxPrice and the market share associated with each. As can be seen in figure 2.2, an MP3 phone architecture is used
as a starting point with customer attributes including [S hour Battery life [90], Cost Objective, Screen Size Priority,
Wifi Connectivity [91], and Shell Phone Design] .

These attribute targets are then cascaded down to the engineering sub-level to determine whether or not such a

product design is feasible. The MaxPrice prediction is used at the enterprise level in calculating the Profit(x) for this
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particular MP3 Phone. Mathematically, this is represented as:

Minimize

— TP 3Variant, + ”TBalteryLife . RBalteryLifeE’" ” + ”TWifi . RWifiE’” ”

Shell ShellEnt
(|7 = R || 4+ €BarteryLife + Ewifi + Eshell

(2.22)

In the cell phone case study, RE#teLife™ s considered as a linking variable at the engineering design level. Thus,

a deviation constraint g1 is added in the constraint set.

Subject To
hl:  Typsvariany, —D- (MaxPrice{Mml} - Cost{MP3] }) =0
h2: MaxPrice(yp3,) —$200 =0
m n
h3: ZZa,’J—m:O
i=1j=1
K
h4 : o—1=0
i=1
h5: o = {51%,23%,22%,3%,1%}
hé6 : MaxPrice; = {200,120, 160,80,40}
8 1: ||RBatteryLij et RBattery LifEEngL || - 8BatteryLi fe < 0
o Ent o Enel
82: IRWIFE — RV || — gy < 0
t n, L
g3: I RShellE™ _ pShellEn || — €shens < 0
g4: D—Dy<0
where:

M P3Variant; * Profit (in $) of MP3 Variant with specific design features

TBattersLife . Battery Life (hours) Target predicted by Customer Naive Bayes Model

RBatersLife . —Battery Life Response cascaded up from Engineering Sublevel

TVifi . Connectivity (bluetooth,wifi,or infrared) Target predicted by Customer Naive Bayes Model
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(2.29)
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R"Yifi :=Connectivity Response cascaded up from Engineering Sublevel

TShell . Shell Design Target predicted by Customer Naive Bayes Model

R5"¢!'=Shell Design Response cascaded up from Engineering Sublevel

y : Linking variables at the enterprise level. The linking variable concept applied to product family design represents

shared attributes or components that exist among product variants.
yL i Target values for linking variable at the engineering sub-system level cascaded up to enterprise level.
EBattery Life - Deviation tolerance variable between customer component targets and engineering response.
ewifi . Deviation tolerance variable between customer component targets and engineering response.
€shell : Deviation tolerance variable between customer component targets and engineering response.

Here, Dy =100,000 (Represents the total market population of cell phone consumers) and K is 5 (Product Portfolio
limit that would enable manufacturing process to remain efficient). The table of demand information for a given class
variable prediction is given in Table 2.4, where D=8395 represents the demand for a $200 phone based on the Naive
Bayesian model in equation (2.5). One of the values of MaxPrice will be selected for each attribute combination

(customer predicted preference) so long as it is more probable than any other class variable of MaxPrice. (See Equation

(2.5))

Table 2.4: Demand information based on the Naive Bayesian predictive model

MaxPrice Customer demand (D) at given price
$200 8,395
$160 16,001
$120 21,796
$80 12,908
$40 7,899

2.2.3 Engineering Sub-system Level
Cell Phone Subsystem

The engineering sub-system level comprises of a multi-objective function of cost minimization while simultaneously

minimizing the deviation between customer design targets and engineering response. During the first iteration in the
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Product Portfolio optimization, linking variables are nonexistent due to the fact that only one optimal cell phone design

exists in the product portfolio set.

The basic mathematical formulation of successive cell phone variants is similar to perturbations occurring with

each successive product variant (Figure 2.2), depending on the customer targets.

Minimize

T ifeU T
Costrp3Varian, + ||[REVIeVETe  gBattenLife|

+||RWifiU _ RWifiH + HRShellU _RShell H

Subject To:

Screen Resolution Constraints

hl: (A1 % LCDjengsh * LCD\yigsh) — LCDyeg = 0
h2: (A2 % LCDjengsh * LCDyigsn) — Costrep =0
h3: (A3 % LCDjengip * LCD,yigrn) — Weightcp = 0
h4 : (A4 % LCDjengsh * LCD,yigrn) — Powerpcp = 0
hS: (A5=% OLED)epg i, * OLED,jy1p,) —OLED,,s =0
h6: (A6 % OLEDengs, x OLED,iq1,) — Costorep =0
h1: (A7 % OLEDjengin ¥ OLED,yiain) —Weightopzp = 0

h8: (AS * OLEDlength * OLEDwidth)_PoweroLED =0
Battery Design Constraints

h9 : Capniyn — (NIMHcong1 * (Vvimn)) —
N
THOMVS * Z PComponenti =0

i=1
h10: Caprion — ((LIONConst1 * (VLion))
—THours * ip Component; = 0
h11 : Batteryruirime — (NII;WH * ((0.0053
(Capacityniyp)) +0.0269) + (LION =

((0.0061 * (Capacityrion)) +0.1667))) =0
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h12:
hl3:
hl4 .

hl5:

gl:

g2:

((NIMHconso* (Ly i *Waime * Iniai ) —Costy e ) =0

(LIONconsi2*(Lrion*Wrion*Trion ) —Costrion ) =0

((NIMHcong3* (Lyiar *Wair *Iniar ) ) —W gnie ) =0

((LIONconsi3*(Lrion *Wrion*Trion ) —WgLion ) =0

(NIMH*Lypg+LION <Ly jon)—0.60

«(SHELL*Lsyprp+FLIPxLsyprr)<0

(NIMH Wy +LION*W 0N )

*0.95*(SHELL*WSHELL+FL1P*WFL[P) <0

(NIMH*Tnipg+LION*T 0N )

—0.45%(SHELL+Tsp g1 +F LIPxTpp 1p) <O

(2.45)

(2.46)

(2.47)

(2.48)

(2.49)

(2.50)

2.51)

(To enhance the overall flow of the dissertation, several variable names are abbreviated (L=Length, W=Width,

T=Thickness, Wg=Weight, V=Volume, Cap=Capacity, P=Power Consumption, etc.))

Cell Phone Outer Casing Design Constraints

h16:
h17:
h18:
h19:
g4
g5:
g6 :
g7:
g8:
g9:
gl10:

gll:

(SHELLconst1*LsnELL*WsHELL*TsHELL) —CostspELL=0
(FLIPconst1 *LEL1P*WELIP*TFLIP) —CostrpLip=0
(SHELLconst2*LsueLL*WsnELL*TsnELL) —W gsnELL=0
(FLIPConsi2#LEL1p*WrLIP*TELIP)—W grLIP=0
Licp—(0.60«SHELL+Lgy g1 +0.60+F LIP+Lyp1p) <0
(0.304SHELL*Lgg 1 +0.30+F LIPxLpy p)—Licp <0
Wicp—0.90%(SHELL+Wsp 11 -+FLIP*Wip 1p) <0
0.7+(SHELL+Wsg g1 +FLIP*Wgp1p)—Wiep<0
Lowgp—(0.60+SHELL+Lgypy 1 +0.60+FLIP+Lgy1p) <0
(0.30+SHELL+Lggy gy 1 +0.30«F LIPxLy 1p)—Lor £p <0

WOLED_0~90*(SHELL*WSHELL+FL1P*WFLIP)SO

0.7 (SHELL*Widthgg gy TFLIP*Widthgy 1p)—OLED, 3, <O
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Table 2.5: Possible Shared Component Variables

Component Description Design Options
Internal Memory (RAM ) 32 MB RAM Discrete Choice Variable Manufacturer
Internal Memory (RAM ) 64 MB RAM Discrete Choice Variable Manufacturer
External Memory Memory Stick Pro Discrete Choice Variable Manufacturer
External Memory Memory Stick Duo Discrete Choice Variable Manufacturer
Hard Drive 1GB Storage Discrete Choice Variable Manufacturer
Hard Drive 2GB Storage Discrete Choice Variable Manufacturer

Phone Design

Shell Phone Design Variables

EngineeringDesign

Phone Design

Flip Phone Design Variables

EngineeringDesign

Battery Type Lithium Polymer [5] Battery Design Variables EngineeringDesign
Battery Type Lithium lon [5] Battery Design Variables EngineeringDesign
Connectivity Bluetooth Connection Discrete Variable Manufacturer
Connectivity Wifi Discrete Choice Variable Manufacturer
Connectivity Infra Red Discrete Choice Variable Manufacturer
Audio Codec Microphone Discrete Variable Manufacturer
Audio Codec Earpiece Discrete Variable Manufacturer
Audio Codec Audio Jack Discrete Variable Manufacturer
Audio Codec External Speaker Discrete Variable Manufacturer
Display Type TFT LCD [24] Discrete Variable Manufacturer
Display Type OLED [24]Discrete Variable Manufacturer
Design Objectives
N
h20 : TotalCost — Z Component (i)cost =0

i=1

N
h21: TotalWeight — Z Component (i)weighi =0

i=1

(2.64)

(2.65)

Table 2.5 identifies the possible shared components of each individual MP3 capable phone. Sharing decisions are

influenced by customer performance expectations and engineering capabilities. Certain components are purchased

directly from a manufacturer and would therefore have fixed performance specifications, while other components can

be manufactured by the company to meet customer needs.

2.2.4 Optimization Study

With a methodological approach to product architecture formulation, enterprise decision makers can have a validation

tool to justify product portfolio formulation and launch decisions. The study begins by defining a finite number of

unique architectures that will constitute the optimal product family. For the study, a product portfolio of five product

variants will be set as the maximum manufacturing ability. It is assumed in this case study that a product portfolio

greater than five will begin to result in diseconomies of scale and ultimately, reduced profit [88].
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Cell Phone Product Generation
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Figure 2.3: Optimal Product Portfolio Example. Illustrates how just two product architectures can generate product variants that
make up a family of products (product portfolio of K = 5 products).

Predictive product performance targets are acquired through the proposed data mining process and used to set the
initial starting point values at the enterprise level as targets for the engineering subsystem level, i.e. [MP3, 5 hour
Battery Life, Cost Objective, Screensize, Wifi Connectivity, Shell Design]. For this particular Cell Phone design,
an engineering product design cost of $98.3/unit is attained. The cost response from the engineering design level is
then cascaded up to the enterprise level where the MaxPrice is used to calculate the predicted profit (Tygrign:). With
a predicted MaxPrice of $200 and an associated demand (D) of 8395, the resulting projected profit is $853,448 . The
particular product design however fails to meet the battery life target of 5 hours, instead designing a cell phone with a
battery life of only 4.5 hours.

The customer focused objective of matching predicted performance expectations and the engineering design ob-
jective of designing the lowest cost product are competing objectives. The enterprise profit calculations presented
in this work are the projected profit calculations for a given product launch, based on a particular phone design and
how closely it matches customer performance expectations (which may consequently affect the product demand). The
argument is made that it is better to launch a product that has lower projected profits (but fully satisfies customer
expectations) than to launch a product with a higher projected profit margin (but fails to satisfy customer wants).
Failure to satisfy customer wants would adversely affect the actual demand for that product and decrease the actual
enterprise profit as customers switch to alternative products that more closely satisfy their performance expectations.

The disparity between projected vs. actual profit calculations is therefore highly dependent on product performance.
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Optimal Product Portfolio Model

Mathematically, this optimization process is translated to

Minimize

k N
Z —Xj (Dj : (nVariam(j) —A- Z Si)) (2.66)
J=1 i=0

Myarians(j) = Profit for Variant (j)

xj @ Binary discrete variable selecting or deselecting particular product variant (Tyayian  j)) Where Z§:1 xj < K, where

K is the optimal product portfolio limit of 5 for the example and k symbolizes the 9 studied MP3 architectures.
D;: Demand for a given product design
A: Weighted value for penalty term €;
€;: Tolerance deviation term for particular customer target (i)
N: Total number of shared components

The comparative analysis can now begin where the above calculated profit ($853,448) is used as a reference
amount. The profits of the first five product variants that can be feasibly designed with the MP3 technology are
calculated. For each successive iteration, the newly calculated profit of Variant; will be compared to that of each
Variant;|i_; . ) existing in the feasible product family set. If the newly calculated product variant profit is greater
than any of the variant profits in the set, the least profitable product variant is discarded and replaced with Variant;.

Depending on the number of possible combinations of the predictive model, either an exhaustive search approach
or a tree branching algorithm can be used. For the MP3 Architecture, nine combinations are analyzed with a battery

life of 3 hours as the primary sharing component.

2.3 Results and Discussion

To determine the optimal product portfolio of five architectures, the nine combinations of MP3 capable cell phones
were analyzed (Tables 2.6 and 2.7) to determine the profit margins of each product variant. The optimization results
reveal that Variant| fails to satisfy customer targets on one of the performance metrics. l.e. deviation between cus-
tomer battery life target and engineering battery manufacturing capabilities ||75a7erEife - RBattersLife|| 5 greater than
tolerance €pureryLife and is therefore deemed less profitable with the incorporation of the penalty term described in

equation (2.66).

36



Table 2.6: Optimal Product Family Results (Part 1). Highlighted architectures represent the most profitable product portfolio given
maximum five architectures allowed in the portfolio.

m— — — m— — m— m— — —
Variable ‘Component MP3 Phonel MP3 Phone2 | MP3 Phone3 [ MP3 Phone4 | MP3 Phone5 | MP3 Phone6 | MP3 Phone7 | MP3 Phone8 | MP3 Phone9
Description Source Solution Solution Solution Solution Solution Solution Solution Solution Solution Units
32 Megabyte
Discrete Variable Manufacturer 1 0 1 1 1 1 1 1 1 1 -
Manufacturer 2 0 0 0 0 0 0 0 0 0 -
Manufacturer 3 0 0 0 0 0 0 0 0 0 -
|64 Megabyte
Discrete Variable Manufacturer 1 0 0 0 0 0 0 0 0 0 -
Manufacturer 2 1 0 0 0 0 0 0 0 0 -
Manufacturer 3 0 0 0 0 0 0 0 0 0 -
Memory Stick Pro
Discrete Variable Manufacturer 1 0 0 0 0 0 0 0 0 0 -
Manufacturer 2 0 0 0 0 0 0 0 0 0 -
Manufacturer 3 0 0 0 0 0 0 0 0 0
Memory Stick Duo
Discrete Variable Manufacturer 1 0 0 0 0 0 0 0 0 0 -
Manufacturer 2 0 0 0 0 0 0 0 0 0 -
Manufacturer 3 0 0 0 0 0 0 0 0 0 -
1GB Storage
Discrete Variable Manufacturer 1 0 0 0 0 0 0 0 0 0 -
Manufacturer 2 1 1 1 1 1 1 1 1 1 -
Manufacturer 3 0 0 0 0 0 0 0 0 0 -
2 GB Storage
Discrete Variable Manufacturer 1 0 0 0 0 0 0 0 0 0 -
Manufacturer 2 0 0 0 0 0 0 0 0 0 -
Manufacturer 3 0 0 0 0 0 0 0 0 0
|Shell Phone Discrete | Engineering
Variable Design 1 1 0 1 0 1 0 1 0 =
Engineering
Phone Length Design 85.0 80.0 120.0 80.0 120.0 80.0 120.0 80.0 120.0 mm
Engineering
Phone Width Design 48.4 40.0 40.0 40.0 40.0 40.0 40.0 40.0 40.0 mm
Engineering
Phone Thickness Design 19.1 17.7 16.3 17.7 16.3 16.6 12.0 17.4 12.0 mm
Engineering
Phone Weight Design 40.0 28.9 40.0 28.9 40.0 27.0 29.4 28.4 29.4 g
Engineering
Phone Cost Design 18.0 13.0 18.0 13.0 18.0 12.1 13.2 12.8 13.2 $
Flip Phone Discrete Engineering
Variable Design 0 0 1 0 1 0 1 0 1 o
Engineering
Phone Length Design 100.0 100.0 100.0 100.0 100.0 135.1 100.0 100.0 100.0 mm
Engineering
Phone Width Design 45.0 68.0 45.0 68.0 45.0 45.0 45.0 45.0 45.0 mm
Engineering
Phone Thickness Design 18.1 12.0 12.0 12.0 12.0 12.0 12.0 18.1 12.0 mm
Engineering
Phone Weight Design 40.0 40.0 26.5 40.0 26.5 35.7 26.5 40.0 26.5 g
Engineering
Phone Cost Design 12.0 12.0 7.9 12.0 7.9 10.7 79 12.0 7.9 $
Nickel Metal Hydride
Battery Discrete Engineering
Variable Design 0 0 0 0 0 0 0 0 0 -
Engineering
Battery Weight Design 42.4 49.2 50.0 50.0 50.0 50.0 50.0 50.0 50.0 g
Engineering
Battery Length Design 46.2 51.1 36.6 59.7 72.5 38.2 80.0 70.0 80.0 mm
Engineering
Battery Width Design 54.7 34.2 48.6 37.0 32.3 60.0 60.0 50.4 25.5 mm
Engineering
Battery Thickness Design 179 30.0 30.0 24.1 22.7 23.3 111 15.1 26.1 mm
Engineering
Battery Cost Design 17.1 19.9 20.2 20.2 20.2 20.2 20.2 20.2 20.2 $
Engineering
Battery Capacity Design 803.9 958.9 962.6 976.8 962.6 1016.8 1002.6 986.8 972.6 mAh
Lithium fon Battery Engineering
Discrete Variable Design 1 1 1 1 1 1 1 1 1 -
Engineering
Battery Weight Design 17.76 12.82 13.11 12.82 13.11 12.00 12.29 12.62 12.91 g
Engineering
Battery Length Design 51.00 48.00 72.00 48.00 72.00 48.00 72.00 48.00 63.58 mm
Engineering
Battery Width Design 45.97 38.00 42.75 38.00 42.75 38.00 42.75 38.00 42.74 mm
Engineering
Battery Thickness Design 8.58 7.96 4.82 7.96 4.82 745 4.52 7.83 5.38 mm
Engineering
Battery Cost Design 16.16 1167 11.93 1167 11.93 10.92 11.19 11.48 11.74 $
Engineering
Battery Capacity Design 706.77 464.47 464.47 464.47 464.47 464.47 464.47 464.47 464.47 mAh
Engineering
Cell Phone Talk Time Design 4.48 3.00 3.00 3.00 3.00 3.00 3.00 3.00 3.00 h
Bluetooth Discrete
|llariable Manufacturer 1 0 0 0 1 1 0 0 0 0 -
[WiFi Discrete
Variable Manufacturer 1 1 1 1 0 0 0 0 0 0 =
Infra-Red Discrete
Variable Manufacturer 1 0 0 0 0 0 0 0 1 1 e

37



Table 2.7: Optimal Product Family Results (Part 2). Highlighted architectures represent the most profitable product portfolio given
maximum five architectures allowed in the portfolio.

Component MP3 Phonel MP3 Phone2 | MP3 Phone3 [ MP3 Phone4 | MP3 Phone5 | MP3 Phone6 | MP3 Phone7 | MP3 Phone8 | MP3 Phone9
[Variable Description| Source Solution Solution Solution Solution Solution Solution Solution Solution Solution Units
Microphone Discrete
Variable Manufacturer 1 1 1 1 1 1 1 1 1 1 -
Manufacturer 2 0 0 0 0 0 0 0 0 0 -
[EarPiece Discrete
iabl 1 0 0 1 0 1 0 1 0 1 -
Manufacturer 2 0 0 0 0 0 0 0 0 0 -
Manufacturer 3 1 1 0 1 0 1 0 1 0 -
JAudio Jack Discrete
iabl 1 0 0 0 0 0 0 0 0 0 -
Manufacturer 2 0 0 0 0 0 0 0 0 0 -
[Extemnal Speaker
Discrete Variable 1 0 0 0 0 0 0 0 0 0 -
Manufacturer 2 1 0 0 0 0 0 0 0 0 -
Manufacturer 3 0 1 1 1 1 1 1 1 1 -
LCD Discrete Engineering
[Variable Design 1 1 1 1 1 1 1 1 1 -
Engineering
Length of LCD Design 25.50 24.00 30.00 24.00 30.00 24.00 30.00 24.00 30.00 mm
Engineering
[Width of LCD Design 34.94 28.00 31.50 28.00 31.50 28.00 31.50 28.00 31.50 mm
Engineering
Display Resolution Design 13131.32 9905.28 13929.30 9905.28 13929.30 9905.28 13929.30 9905.28 13929.30 pixels
LCD Manufacturing Engineering
Cost Design 4.45 3.36 4.73 3.36 4.73 3.36 4.73 3.36 4.73 $
Engineering
LCD Unit Weight Design 35.63 26.88 37.80 26.88 37.80 26.88 37.80 26.88 37.80 g
LCD Power Engineering
[Consumption Design 8.91 6.72 9.45 6.72 9.45 6.72 9.45 6.72 9.45 mhA
OLED Discrete Engineering
Variable Design 0 0 0 0 0 0 0 0 0 -
Engineering
Length of OLED Design 25.50 35.33 30.00 25.57 30.00 33.41 31.75 33.21 30.00 mm
Engineering
(Width of OLED Design 39.22 28.09 31.50 36.00 31.50 28.00 31.50 28.00 33.33 mm
Engineering
Display Resolution Design 19620.00 19473.58 18540.90 18060.00 18540.90 18352.50 19620.00 18245.00 19620.00 pixels
[OLED Manufacturing Engineering
Cost Design 8.00 7.94 7.56 7.36 7.56 7.48 8.00 7.44 8.00 $
Engineering
[OLED Unit Weight Design 30.00 29.78 28.35 27.61 28.35 28.06 30.00 27.90 30.00 g
(OLED Power Engineering
[Consumption Design 30.00 29.78 28.35 27.61 28.35 28.06 30.00 27.90 30.00 MhA
1 MegaPixel Camera
Discrete Variable Manufacturer 1 0 0 0 0 0 0 0 0 0 -
Manufacturer 2 0 0 0 0 0 0 0 0 0 -
2 MegaPixel Camera
Discrete Variable Manufacturer 1 0 0 0 0 0 0 0 0 0 -
Manufacturer 2 0 0 0 0 0 0 0 0 0 -
MP3 Module Discrete
Variable Manufacturer 1 0 0 0 0 0 0 0 0 0 o
Manufacturer 2 0 1 1 1 1 1 1 1 1 o
Manufacturer 3 0 0 0 0 0 0 0 0 0 =
Manufacturer 4 1 0 0 0 0 0 0 0 0 =
Internet Module
Discrete Variable Manufacturer 1 0 0 0 0 0 0 0 0 0 -
Manufacturer 2 0 0 0 0 0 0 0 0 0 -
Graphics Module for
Games: Discrete
Variable Manufacturer 1 0 0 0 0 0 0 0 0 0 -
Manufacturer 2 0 0 0 0 0 0 0 0 0 -
Manufacturer 3 0 0 0 0 0 0 0 0 0 -
[SMS Text Message
|;1nology: Discrete
bl 1 0 0 0 0 0 0 0 0 0 -

[Total Architecture Engineering
Weight Solution 141.82 121.29 129.69 117.39 125.79 105.83 116.07 116.33 125.19 g
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Each subsequent product variant uses a battery life of 3 hours, which may initially seem less profitable due to
changes in the Naive Bayes predictions of MaxPrice (Figure 2.2 and Figure 2.3). After an engineering design valida-
tion however, it can be seen that such architectures would be cheaper to manufacture and would yield the highest profit
margins while satisfying customer wants. (note: An engineering response is an evaluation of technical capabilities
by the engineering team in determining the feasibility of such a product. The relevance to battery life is that certain
product concepts may have unattainable battery life expectations.)

The optimal product portfolio (Figure 1.2) given this approach will therefore be architectures {3,5,6,7,9}, yielding

a total company profit of:

Toverail = $848,902 + $881,596 + $967,996

+$1,024,232 + $930,769 = $4.65 Million 2.67)

The multi-level optimization solution (adopting the ATC methodology [72]) took approximately 500 seconds per
product variant running on an Intel Pentium IV desktop (3.2 GHz). The model was developed in the Matlab®) [92]
environment with Tomlab(®) [86] used in the optimization sequence.

The cost-savings benefit of manufacturing can be realized when a product manufacturing process has minimal
number of interruptions. Thus the more components that a product shares with variants, the higher the probability of
lowering overall company operating costs. Sharing decisions focused solely on manufacturing process cost savings can
however have adverse effects on customer preferences and ultimately their willingness to pay as seen in the following
example. Four out of the nine product architectures share a flip phone design (Table 2.6, 2.7). Although it would
be more desirable for all architectures to share the same type of design (flip or shell), it is clearly observed that such
a decision would not yield the most profitable product portfolio. For example, sharing a shell phone design for 5

architectures would mean selecting architectures {1,2,4,6,8}, which would yield a maximum profit of:

Toverall = $853, 448 4 $774—7 642 + $8077 336

+$967,996 + $632,093 = $4.03 Million (2.68)

Even without penalizing Variant; for failing to satisfy the customer battery target of 5 hours (actual engineering
response =4.5 hours), a sharing decision of a SHELL phone design would yield a less profitable product portfolio.
The solution to product portfolio optimization is multifaceted requiring input from different specializations across
different boundaries. Such powerful insights will help enterprise decision makers understand the intricate link that

exists between what customer wants and engineering design capabilities.
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2.4 Conclusion

The emergence of a customer driven need for product differentiation has lead companies to re-evaluate current design
and manufacturing processes. Consequently, analytical techniques are required to alleviate the costs associated with
product differentiation. The greatest challenge is to develop an optimal product architecture for a family of products
in a dynamic market space. To overcome this challenge, the proposed methodology has successfully demonstrated
how data mining techniques can help develop a product family by encompassing customer requirements directly with
engineering capabilities using ATS [87] and ATC [89]. Modularity and component sharing decisions can now be
expanded beyond manufacturing cost savings to include consumer price sensitivity to product architecture changes.
The dynamic product architecture concept utilized in this work has the benefit of continuously changing architecture
design variables throughout the product design phase to cater to customer preference requirements. A product portfolio
is achieved which not only maximizes profit, but simultaneously satisfies what the customer wants.

The cell phone analysis systematically attains a feasible product portfolio by simultaneously focusing on changing
demand due to a particular product design choice. The model places emphasis on deterministic (and in later works
stochastic) methods in product architecture formulation. The long term goal is to provide decision makers in industry
with a useful tool that helps mitigate the associated risks involved in product portfolio formation and product launch
decisions. Such a tool has the potential to drastically reduce errors associated with ad hoc product portfolio method-
ologies or disjointed expertise between the business and engineering teams. The manufacturing benefits of product
architecture design and product portfolio formulation will be incorporated in later models to reflect a wider scope
of product design. Careful attention will be paid to the efficiency at which the algorithm of choice will converge to
an optimal solution. An exhaustive search algorithm or a branch and bound algorithm will help to ensure a global

optimum for the maximum attainable profit for a family of architectures.
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Chapter 3

ReliefF and X-Means Clustering Product
Family Methodology

3.1 Product Family Design Methodology

The primary contribution of this work is to present a product family design methodology for complex engineering
systems that autonomously identifies the number of products to design by extracting weighted product preference
information from a customer data set. This work focuses on design problems with large product preference data sets
that can be integrated into the product design process. Figure 3.1 represents the overall methodology that begins with
the acquisition of raw customer product preference data and employs data mining attribute weighting and clustering
techniques to determine the number of unique products needed for a given data set. For this, the ReliefF attribute
weighting algorithm is employed to identify attributes in order of importance in the data set. Then, the X-means
clustering algorithm is employed to identify groups of similar operating states within the raw data set. As a result, the
number of product variants that should be introduced to reflect preferences (represented in the data) can be identified.
Steps 2 and 3 in Figure 3.1 illustrate the added benefits of component sharing by clustering similar products together
in an attempt to reduce product design costs. The X-Means clustering technique is employed at the engineering design
level to determine which products are similar enough to potentially benefit from component sharing decisions. These
sharing design decisions are implemented in a multidisciplinary design optimization framework where an individual
product variant is modeled as an individual subsystem. For products with highly diverse operating conditions, the data
set itself may be highly heterogeneous, making it quite difficult for engineers to determine the number of products to
design in order to satisfy the market space. By employing the Data Mining ReliefF attribute weighting and X-Means
clustering techniques to the raw data set (Figure 3.1), engineers can determine the initial product architectures to

design. The details of Figure 3.1 will now be explained in depth in the following sections.

3.1.1 Data Mining Product Preferences

The Data Mining of product preferences is the stage where dominant patterns are identified within the raw data set
[54]. With each unique instance in the data set representing a customer’s preferred operating state for the product,

the number of operating states can increase rapidly, thereby making it impractical for a single design to exist for
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Data Mining Engineering Design Optimization of Product Family

Product Preferences
—
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Weighting technique on raw Individual Product Design Optimization
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P| engineering design feasibility kc K
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k=k+1
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representing K-Candidate STEP 2

Product Architect
e Component SharingThroughX—Means Clustering

|

Pass vector of K-Cluster
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Employ X-Means to generate &k

— candidate product families based on
design solution similarity from STEP 1

'

STEP 3
Product Family Optimization with Shared Design Components

!

Evaluate product family & for

k=k+1 k=k+i

" | engineering design feasibility

Feasible Design Solution
r product family &

Updated Product Portfolio from Keep Original Product Portfolio
STEP 1 to reflect Product Family solutions from STEP 1 for products
k kcX existing in product family k&

Figure 3.1: Flow Diagram of Proposed Product Family Design Methodology: From Data Mining Product Architecture Identifica-
tion to Component Sharing through X-Means Clustering.

each unique state. The engineering design goal is to identify operating states within the data set that are similar in
design requirements (as determined by the data mining algorithm). Since product attributes may vary in terms of
design significance, an appropriate attribute weighting technique would help guide the engineering design process.
To accomplish these product design challenges, the ReliefF attribute weighting algorithm is first employed to weight
attributes in order of importance in the data set [93]. The X-means clustering algorithm is then employed to identify
groups of similar operating states within the raw data set (illustrated in the Data Mining flow diagram in Figure 3.1 and
visually represented on the left in Figure 2). The weighted attributes will influence both the data clustering process
as well as the engineering design model and more valued product attributes will be given more weight in the overall
product family design methodology. The X-means clustering algorithm is employed again in the component sharing
decisions during the product family optimization stage as similar individual product designs are grouped together by
similarity of design (Steps 2 and 3 in Figure 3.1 and visually represented on the right in Figure 3.2). Below is an

introduction to the ReliefF attribute weighting technique that will later be applied to the raw data set.
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Data Mining Product Centroid Generation using Engineering Design of Product Family using
RELIEFF Attribute Weighting and X-Means Clustering X-Means Clustering for Component Sharing

Product Centroid; = {Attribute A value, Attribute B value}‘

‘ ProductVariant 1: [functionality (i.....J] ‘

Data Mining ~
To 2
Engineering

,' Product Variant 2: [functionality (k.....}] ‘
’

Attribute B (Ex. Length)

S o
R AREE
Operating States with similar product
design features (Data cluster i)

Product Variant 3: [functionality (m.....n] ‘

[ Attribute A (Ex. Energy Consumption) —’l

Figure 3.2: Visual representation of family design based on Data Mining ReliefF attribute weighting and X-means clustering for
Product Centroid generation and X-Means Clustering for Product Family Component Sharing Optimization.

ReliefF Product Attribute Weighting Algorithm

In this work, the enhanced version of the Relief algorithm called ReliefF is employed [94]. ReliefF extends the original
Relief algorithm by enabling it to efficiently handle multi-class variables and also missing values within the data set
[94]. A class variable can be thought of as the response or predictor variable of interest. Examples of class variables
in product design data sets may include efficiency, energy consumption, price, etc.

The original Relief algorithm proposed by Kira and Rendell is an attribute evaluation technique that will enable
product development engineers to extract the importance of individual product attributes within a raw data set without
explicit user provided ranking information [93]. This can prove to be a vital time saving strategy, especially for
extremely large data sets containing many attributes. Identifying the order of attribute relevance within a data set can
reduce the overall computational complexity and increase the efficiency of data mining algorithms [93, 94].

Given a raw data set S, m instances are selected to serve as the number of sampled instances where p denotes the
total unique attributes within the sample set m [93]. The overall objective of the Relief algorithm is to take a random
sample, and using a nearest neighbor search, to identify an identical class variable, which is defined as a NEAREST
HIT (H), and also a different class variable that is nearest to the sample, defined as a NEAREST MISS (M) [93].
The iterative process of Relief estimates attribute weights W[A;] based on their similarity to a given class, where A;,

represents a unique attribute within the data set. The general form of the algorithm can be represented as follows [93].
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Given m - desired number of sampled instances, and p - number of attributes,
1. set all weights W[A;]:=0.0;

2. for j := 1 to m do begin;

3. randomly select an instance X;

4. find nearest hit H and nearest miss M;

5. for i := 1 to k do begin;

6. W[A;]:= WI[A;]- diff(A;; X; H)/m + diff(A;; X; M)/m;

7. end;

8. end;

Where the diff function above measures the difference between the attribute being evaluated A; taken from the
randomly selected instance X, and the value of that same attribute given the closest hit (H) or closest miss (M). For
discrete attributes, if the value of the attribute (A;) of the randomly selected instance (X) matches that of the nearest hit
(H) or nearest miss (M), then the diff value is O (meaning values are identical), otherwise 1 meaning they are different.
For continuous attributes, the actual difference is used and then normalized on a scale of [0,1].

By its design, the ReliefF attribute weighting technique does not constrain the attributes to non-negative values.
Therefore, the weights will first be normalized based on the mini-max normalization [95]. For a given vector of
attribute weights [wq, wa,..., w,], the weights are normalized using the following formulation:

For weight i=1,...,p
w; — min,,

W, = —————— (new_max,, — new_min,,,) + new_min,, (3.1
max,, — min,,

Here,

w;’: The newly transformed weight (7) of attribute (i)

min,,: The minimum value in the vector of ReliefF attribute weights

max,,: The maximum value in the vector of ReliefF attribute weights

new_max,,: The maximum value of the new range

new_min,,: The minimum value of the new range

The new vector of weights w’ determines the level of importance for each target vector (TC/) at the engineering design
level.

The data set with the newly updated weighted attributes will be used to:
1. Weight clusters generated by the X-means clustering approach (discussed in the following section).

2. Serve as attribute target weights for the engineering product design model.
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X- Means Clustering

The X-means clustering algorithm in data mining is an enhancement of the k-means clustering algorithm [96]. Be-
fore investigating the X-means clustering algorithm and its significance in product family optimization, the k-means
algorithm will be briefly described.

Given a raw data set of unique customer preferences (operating conditions), the k-means algorithm attempts to
partition the original data set into k subsets of the data, where k represents the number of unique subsets or in the
appropriate data mining terminology, clusters [97, 98]. Each cluster contains a centroid, with data points of the cluster
associated with this centroid. It is important to note that the number of clusters in the k-means algorithm is given a
priori as a user defined input. In the context of product family design, this would be analogous to the engineering
design team specifying the number of product platforms that the customer’s product operating requirements must
adhere to. Rather than design teams making postulations about the raw data set, a more natural process would be for
the inherent patterns of the raw data set to help guide the product platform number (this is one of the contributions
of the X-means data mining technique). Although there have been many enhancements to the k-means since its

conception [99, 100, 101], the basic underlying mathematical formulation can be represented as follows:

f=Y XY lhi—glP (32)

J=1x€S;

Here,

1. §; is a cluster of data points. Here, S will be defined as all instances in the raw data set and S; would simply be

a subset of this.
2. cjis the centroid of a cluster §;.
3. x; is a data point existing within a cluster.
4. K is the total number of clusters (specified a priori by the user).

The iterative process of the k-means algorithm begins by initially selecting the desired number of clusters (S;)
and making an initial guess of the cluster centroid values (c;) [97]. The next stage involves assigning a data point to
the closest cluster centroid and centroid value (if necessary) by minimizing the error function in Equation (3.2) until
negligible deviation occurs with each iteration.

The X-means clustering algorithm aims to improve on three key areas of the k-means algorithm [96].
1. Eliminating the need for number of clusters to be known a priori

2. Improving the computational scalability
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3. Enhancing the search criteria for updating cluster centroids

The process by which X-means achieves these improvements is in part based on its selection criterion to determine
when to add or replace a specific cluster centroid with child centroids. Child centroids originate from splitting the
original solution of a k-means iteration and determining if the child clusters more accurately represent the data points
once belonging to the parent centroid [96]. The posterior probabilities will be used to rank the models Pr[M;|D], where
D represents the given data set and M represents each model with a given cluster size k. The Bayesian Information
Criterion (BIC) is used by X-means to rank which model is a more accurate representation of the original raw data set.

Mathematically, the Bayesian Information Criterion (BIC) is represented as follows [102, 96]:

BIC(M;) = —1;(D) + %ng (3.3)
Here,

1. 1;(D): is the log likelihood of the data taken at the maximum likelihood point.
2. D: represents the given data set.
3. pj: represents the number of parameters in M.

4. R:is the total number of data points of candidate centroids.

Relevance of X-means to Engineering Product Architecture Design

Engineering design problems involving a wide range of operating states specified by customers can benefit from X-
means clustering by identifying appropriate product functionality criterion for developing a product architecture and
subsequent product family. The X-means clustering technique eliminates the need to guess the number of product
architectures needed for a particular customer pool by analytically generating the appropriate number of clusters
(product architectures) with corresponding product functionality specifications. A user instead specifies a broad range
for the number of clusters and X-means will identify the optimal cluster, given the natural patterns within the data
set [96]. This will ensure that the resulting product family will be a true representation of the data set for which the
designs are made. Figure 3.2 illustrates how the cluster centroids of the X-means data mining clustering approach
are integrated into the engineering design. The product centroids illustrated in Figure 3.2 represent the individual
vectors of attribute value solutions that best describe similar groups of customers within the raw data. Each unique
product centroid will form a vector of product preference targets used to guide the product architecture optimization

process. The engineering design illustrated in Figure 3.2 represents the design of individual products based on the
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X-means cluster centroids where each product will have unique functionality characteristics that aim to satisfy the
overall customer preference targets. Section 3.1.2 of this work describes how product variants are then designed based

on underlying product architecture under the notion of component sharing.

3.1.2 Engineering Design Optimization of Product Family
Step 1: Individual Product Design Optimization

The results from the data mining stage provide product design engineers with several vital pieces of information.
First, the results from the X-means clustering represent the vector of product attributes that form the product design
targets (TC/) around which a product architecture is designed (Step 1 in Figure 3.1). Product design targets can range
anywhere from physical product dimension targets such as length or width to product performance targets such as
efficiency or speed.

The second vital piece of information from the data mining stage is the relevance of each attribute target to the
customer as determined by the ReliefF attribute weighting technique. That is, for each attribute target vector (T¢/),
there will be an accompanying vector of attribute target weights w’. The engineering product architecture optimization
is comprised of the detailed engineering design model and incorporates the results from the data mining stage that
help guide the product architecture design. Here, local design variables are used to model the physical dimensions and
performance objectives of the product architecture subject to engineering design constraints.

The general mathematical model for the engineering product architecture optimization is as follows:
Note:The deviation is measured by the squared L-2 norm, which will be used throughout the engineering optimization
models presented in this work. For example: |x — y||3 = ¥;(xi — vi)?

For the kth product architecture,

Minimize

2
7C — R ‘2 (3.4)

F(X)Archilecture(k) =fi+ w

Subject to:
g (x) <0
hi(xx) =0
Here,
fx Local product design objective function (s), a function of local design variables: f;(x).
TCi: Vector of product attributes represented by the cluster centroid in the data mining model. That is, for cluster

centroid C;=[A1, A,..., Ap] target is set as TS where Ay, Az,..., A represent attribute values for a given centroid C;.
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w’ : The vector of newly transformed ReliefF weights for target vector T/

Rf"g : Vector of engineering responses based on the formulation of the engineering design model. Rf”g is a function
of local design variables x;, and is represented by Rf"g (Xg).

g;: Inequality design constraints bounding the product architecture model.

h;: Equality design constraints bounding the product architecture model.

k: The kth candidate product architecture determined by the results of the X-means clustering.

K: The total number of cluster centroids C; that exist for the X-means clustering solution.

Note: It is important to note that although there may be K candidate product architectures to investigate, there may
not always be a feasible design solution for the kth product architecture as generated product preference requirements

may be too demanding, given the constraints of the engineering design model. That is, at optimality k = K.

Step 2: Component Sharing Through X-Means Clustering

If a feasible design solution exists after Step 1, X-means data mining clustering technique is once again employed,
this time to determine the most similar product architecture design solutions within the product portfolio. While
the first X-means clustering technique helped identify the similar groups of attributes in the raw data, the X-means
clustering employed in Step 2 will help identify the similar groups of design variable values among the feasible product
architecture design solutions (Step 2 in Figure 3.1).

For a given vector of design variables (x;) of an optimal product architecture solution, (where the objective function
F(x;) of product architecture (k) has been minimized given the external targets TS and the local objective(s) fr(Xx)),
the goal is to determine the similarity among product architecture variable solutions. The notion is that the closer the
optimal design solutions are, for example [(x;) and (xz-1)], the more likely these product architectures may be able to

share certain design components.

Step 3: Product Family Optimization with Shared Design Components

The third and final step in the proposed product family design methodology aims to reduce the product portfolio cost
by sharing certain components among product architectures, thereby creating a family of products (Step 3 in Figure
3.1). Since the component sharing decision is inherently a combinatorial problem, Step 2 of the design methodology
eliminates the need to search all possible component sharing combinations by guiding the component sharing decisions
based on the optimal solution of each resulting product architecture. Once similar product architectures have been
identified by the X-means technique in Step 2, the component variables are identified and modeled as linking variables
(¥,,) in the quasi-separable bi-level problem. The model in Step 1 is adapted into a bi-level hierarchical optimization

model where level I strictly handles the coordination of the linking variables and level 2 still remains the product
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architecture design level, but this time including the linking variable targets as part of the objective function. The
bi-level design problem is modeled based on the quasi-separable problem [103, 104, 105, 106]. A bi-level model is
presented which comprises the component sharing coordination model at the upper level and the individual product
design model at the lower level. At the component sharing level, updated linking variable values are distributed among
product variants in an iterative manner until a feasible solution is achieved that is common among all product variants.
If a feasible design solution does not exist for a given sharing scenario (that is, linking variable value yg does not
converge to a solution shared by all products), the original product design solutions (without shared variables) from

Step 1 are kept.

Upper Level: Component Sharing Coordination

The Upper Level (Component Sharing Coordination) handles the coordination of linking variables to each of the
product variants. In an effort to minimize design costs, certain design intensive and costly product components are
shared among the different product variants. Under the quasi-separable formulation, these are represented as the
linking variables (y,;). The sharing strategy is handled at the component sharing level wherein updated linking
variable values from the lower level product architecture design are cascaded up to the component sharing level.
Constraint Equation (3.5) is formulated as an inequality rather than an equality constraint due to numerical difficulties
reported in the literature of equality constraint based bi-level formulations that fail to satisfy the standard Karush-
Kuhn-Tucker (KKT) conditions for a constrained optimization problem [107].
Minimize €,
Subject to:

Eng

2
Ys = Yoi' ||, ~& <0 (3.5)

gl:Z‘

k€Q

Here,

y, : Linking variable at the Upper Level. In essence, y, is simply a coordination variable ensuring that at the optimal
solution, all of the subsystems attain the same value. Equation (3.5) is always active in the above formulation so
solving for y,, it can be observed that at each iteration y, assumes the average value of the linking variable(s) being
shared across the products within the product family.

yf:’,:g : Linking variable value at the Lower Level cascaded to the Upper Level. This is constant at each iteration in the
above formulation that is subsequently updated at the engineering product architecture optimization level after each
iteration.

k: The kth candidate product architecture that has been identified for component sharing.

Q: The total number of products that exist in a particular candidate product family. This is based on the X-means
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cluster solutions described in Step 2. The term candidate product family is used because until a feasible design
solution can be achieved for the shared component case, these Q products will remain unique products within the
product portfolio (Note that Q = K which simply means that the number of candidate product families cannot exceed
the total number of unique products that initially exist).

€,: Deviation tolerance between linking variables. For each shared variable, another constraint g(7) is added based on
a similar formulation as equation (3.5) and add another tolerance variable in the objective function to represent this

additional shared variable.

Lower Level: Product Family Optimization
In the kth subproblem,

Minimize

2
TCi _ang 2+ Hygl _y~“7k’|§ 3.6)

F(X)Arc'/’litecture(k) = fk + W/

Subject to:

(X, Y5 0) < 0

hy (X, Y500 =0
Here,
fx: Local product design objective function (s).
TSi: Vector of product attributes represented by the cluster centroid in the data mining model. That is, for cluster
centroid Cj=[A1, A;,..., Ap] target is set as TS where Ay, As,..., A represent attribute values for a given centroid C;.
w’ : The vector of newly transformed ReliefF weights for target vector T/
Rf"g : Vector of engineering responses based on the formulation of the engineering design model. Rf”g is a function
of local design variables x;, and is represented by Rf”g (Xg).
g;: Inequality design constraints bounding the product architecture model.
h;: Equality design constraints bounding the product architecture model.
k: The kth candidate product architecture determined by the results of the X-means clustering.
K: The total number of cluster centroids C; that exist for the X-means clustering solution.
yg : Linking variable target value cascaded down to the Lower Level from the Upper Level; a constant value at each
iteration that is subsequently updated with each successful iteration.
¥, Linking variable at the Lower Level. This is local to the kth model and attempts to match the value of yg at each
iteration.

The overall flow of the proposed product family optimization is succinctly described below:
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Bi-level Product Family Optimization

Step 1:

Given w’ vector of weights and T targets, where length(w”)=length(T¢/) and K cluster centroids:

1. Solve K engineering design problems (with no linking variables y, ;) weighting each ||TC — Rf"g”%
based on ReliefF;

2. If solution exists for the Individual Product Design Optimization Model

(i.e., optimal ||TC/ — Rf"g |3 solution while satisfying local objectives and constraints);

3. Optimal solution found for weights w’ and targets T/ without sharing components;

Step 2:

4. Employ X-means clustering to identify candidate product families based on solution similarities from
Step 1,

Step 3:

5. Solve bi-level quasi-separable problem (component sharing among products) using the Upper Level-Lower
Level formulation with linking variables y, ; ;

6. If feasible solution exists (i.e., optimal ||TS — RL"|[3and || ys — yE 113 at the Lower Level and also
optimal €, at the Upper Level, (g, should be close to 0 at the Upper Level, indicating a feasible shared
component among product variants within a product family)) ;

7. Optimal solution found for weights w” and targets TS/ and linking variables ¥« for each product variant;
8 Else, solution does not exist for linking variable scenario; that is, sharing y; ; is not feasible for product
variants, therefore keep initial solutions found from Step 1;

9. end;

10. end;

3.2 Application: Aerodynamic Particle Separator Case Study

Indoor Air Quality (IAQ) is becoming an increasing concern for human health. Particulate matter is a leading cause
of human respiratory illness in addition to degrading the performance of Heating Ventilation and Air Conditioning
(HVAC) systems (W.H.O.). As a result, abatement technologies for these aerosols are in high demand. Aerodynamic
particle separators are filter-less air cleaning devices that can be capable of removing micron size particles with low
energy consumption and minimal maintenance [108]. Determining the optimal aerodynamic particle separator design
for a specific application is challenging when taking into account its unique system requirements and environmental

conditions.
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Table 3.1: Design variable notation for aerodynamic particle separator

Variable Units Description
r meters (m) Inner tube radius
r meters (m) Outer tube radius
Lg meters (m) Maximum pressure drop
a Radians (rad) Vane discharge angle
L. meters (m) Length of converging gap
ry meters (M) Radius of exit tube
Ly meters (m) Length of exit tube
# Number of unitsin paralel

3.2.1 The Engineering Design Problem

Aerodynamic Particle Separator Design

To demonstrate the effectiveness of the proposed design methodology, the design of a uniflow type particle separator
is investigated (illustrated in Figure 3.3). The basic design of this device can be partitioned into three sections: (1)
Vane section, (2) Straight Region and (3) Converging Region/Dust Bunker. These sections are defined by eight design

variables as shown in Figure 3.3 and Table 3.1).

Separated Dust

Clean
Air

Contaminated
Air

Figure 3.3: Uniflow type aerodynamic particle separator flow pattern and design variables

The performance of an aerodynamic particle separator design is strongly dependent on system requirements and
environmental conditions. System requirements such as the air cleaning efficiency, pressure drop (thus power con-
sumption), air flow rate and overall device size contribute to the design objectives and directly define the constraints
for a given application. Environmental conditions, including the air properties and contaminant particle size distribu-
tion can have a significant impact on the performance of a particular design and must also be incorporated into the
system model [109]. Together, these two groups can be used to characterize a given application or operating state.

These factors can vary by an order of magnitude between different applications, thereby complicating the design pro-
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Table 3.2: Snapshot of aecrodynamic particle separator data set consisting of 1000 states

System requirements Environmental conditions
Q Apmax Lo Ap e A - Fid,) P, e P Efficiency Price
{m34s) Pa) {1m) (m?) # units ec)] (kgim) " (kPa) 29 £
State 1 158 250 1 ns 50 A1 2650 20 101 2% $1,200
State 2 1.48 200 0.3 0.1 3 Ad 2650 i} 99 85% $450
State 3 127 1500 15 15 16 Limestone 2700 500 200 90% %900

cess. The product architecture design objective will, therefore, be to minimize cost while satisfying external product
preference targets and local design constraints. The broader enterprise portfolio objective will be to minimize overall
product design and development costs by capturing the component sharing opportunities that exists within the product

portfolio.

3.2.2 Data Mining Product Preferences
Raw Data Set of Product Operating States

A data set of 1,000 operating states was generated to simulate the large variation in physical requirements and en-
vironmental conditions characterizing the broad range of applications in which aerodynamic particle separators are
frequently employed [109]. Table 3.2 represents a snapshot of the 1,000 operating states with distinct product at-
tributes and environmental conditions represented by each column. Section 3.3 of this work presents the results from
both the ReliefF attribute ranking algorithm and the X-means data mining clustering approach and demonstrates how

the data mining process influences product family design efforts.

ReliefF Attribute Weighting

The results from the ReliefF attribute ranking approach in Table 3.3 reveal that the two engineering design targets —
efficiency (£) and flow area (AF;,,,) — have normalized weights of 0.1687 and 0.0785 respectively. The other attributes
in Table 3.1 are used as design parameters in the engineering design model and also play a significant role in the overall
optimal solution. The efficiency ({) and flow area (AF,,4) are selected based on the type of engineering problem being
solved (in other applications, one may choose to set all attributes in the data set as targets for the product architecture
design model). This vital information is a data preprocessing step that will help generate product cluster centroids that
take into account the weighted attribute preferences of the different operating states given by the raw data set.

Note: ReliefF results were obtained using Weka version 3.5.8 [2] and it took approximately 20 seconds running on a

Intel Pentium Duo 2.5 GHz Processor. The normalized attribute weights are based on Equation (3.1) in Section 3.1.1.
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Table 3.3: Attribute ranking of raw data set via ReliefF algorithm

Attribute Rank  |Attribute Name Attribute Weight Normalized Attribute Weight
Highest Nmax 0.0881 1.0000
Efficiency 0.0110 0.1687
Tair 0.0100 0.1575
Pair 0.0099 0.1570
Q 0.0073 0.1287
Dpmax 0.0036 0.0888
Afmax 0.0026 0.0785
Lmax 0.0018 0.0695
Rhop -0.0006 0.0433
Operating States -0.0031] 0.0169
Lowest Fdp -0.0046) 0.0000

Data Mining X-means Clustering Results

The X-means clustering results reveal that a total of five clusters most accurately represents the similarities in the
data set of 1,000 operating states. The results from Table 3.1 represent the product design targets and parameters
for the product portfolio of aerodynamic particle separators. Initially, each product centroid will be used to design
an individual aerodynamic particle separator. Component sharing benefits will then be presented based on the vane

section component. [Results attained using Weka version 3.5.8 [2] and Data to Knowledge D2K [1]].

3.2.3 Engineering Design Optimization of Product Family
Step 1: Individual Product Design Optimization

The X-means clustering algorithm generates k=1,..., 5 clusters (Table 3.4, each with unique centroids C;). Based
on the results from the X-means clustering, and the ReliefF attribute weights accompanying each cluster centroid,
engineers can now determine whether an optimal product design solution exists based on the aerodynamic particle

separator response model.

The aerodynamic particle separator objective function attempts to match the particle separation efficiency target
(ij ) and the flow area target (AFc;) generated from the X-means clustering results while at the same time mini-
mizing product design and manufacturing cost objective. The attributes within a cluster centroid (C;) will form the
design/environmental parameters of the model. The efficiency model selected was initially developed by Zhang [108]
and later augmented by Barker [109]. In this model, the flow is assumed to be fully turbulent and the steady state
particle motion results from a balance between the centrifugal force and aerodynamic drag in the Stokes regime [109].

The vector x contains the eight design variables as described by Table 3.1 and Figure 3.3. The cost function was based
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Table 3.4: Product cluster centroids based on X-means clustering algorithm

System requirements

Environmental conditions

Q Spmax | Lo | Apma Monax Fidg) Py Tair Py Efficiency Price
States | (m3/s) Pa) m | md | #units 9 dkem® | CC) (Pa) % $

| 288 | 1 | 3 [o071 | o060 | 3 | Lmestore | 2226 |25 | 1o | 78% | sge2 | } Product Centroid 1

7B5 3.39 15807 0.79 0.68 39 Ad 2211 1 1M 85% $1,168 Product Centroid 2
[ 7 | | 1507 | o9 [ oss | | | L7 ] | [ sies |

750 3.36 1623 0.67 0.55 14 Limestone 2389 72 107 85% $411 Product Centroid 3
| | | | 067 | | | | | 72 | | | | -

456 1.94 N 0.72 0.62 24 A1 2278 45 102 80% $E532 Product Centroid 4
| 45 | | | 072 | 02 | | | |4 | | | |

260 1.29 458 0.69 075 11 Limestone 2225 24 100 78% 290 Product Centroid 5
| | | | oes | | | | | 2 | | | | -

on the estimated mass of material required and injection molding costs of the vane section. The material selected is

an engineered polymer with a density of 1200 kg/m3 at a cost of $3.00 per kilogram. The injection molding cost is

estimated at a fixed cost of $10,000 per design for the required capital equipment and labor. The efficiency model as a

function of variables in x and particle size d,, is shown in Equation (3.7). The total efficiency for a given particle size

distribution is then calculated by Equation (3.8).

B ppdsCcQtan(o)Ls
m(rs —rp)

&(x7dl7i) =1-

N
&T = ;‘:(x>dpi) 'F(dpi)

Here,
Cc: Cunningham slip correction factor.
dp,;: Diameter of particle (i), m.

F(dp): Particle size distribution.

ppds.Cc (V2Gi(x) +V2Gr(x))

. 3.7

(3.8)

G;(x): Efficiency model geometric relationship between design variables, tangential acceleration.

G,(x): Efficiency model geometric relationship between design variables, radial acceleration.

pp : Particle density, kg/m?>.

1 : Air viscosity, Pas or kgm/s.

Q : Air flow rate, m3/s.

V;: Tangential velocity of particle mixture.
V,: Axial velocity of particle mixture.

r1: Inner tube radius.

rp: Outer tube radius.

o Vane discharge angle.

55



Ls: Maximum pressure drop.

The engineering design model for the aerodynamic particle separator can be mathematically represented as:

kth Aerodynamic Particle Separator Minimize:

/

¢

Cj Eng

2 / Cj Eng2
Ci_ ¢k 2—|—WAFHAFk — AR+ Costy (3.9)

F(x)Architecture(k) =W

Subject to:

Pressure drop constraint (g ):

Pr(x) — Pnax <0 (3.10)
Face Area constraint (g»):
473N — AFpax <0 (3.11)
Product Length constraint (g3):
Ly +Ls+Lc+Lg — Linax <0 (3.12)

Here,

AFj : Maximum allowable face area perpendicular to air flow direction.

w(’: Efficiency ReliefF attribute weight.

w/yr: Flow area (AF) ReliefF attribute weight.

Liygx: Total allowable length of the system.

Ly: Length of vane section.

Ls: Length of straight region.

Lc: Length of converging region.

Lg: Length of exit tube.

PT(x): Total pressure drop of the system as a function of design variables x.

N: Number of aerodynamic particle separator units in one module.

Pox: Maximum allowable pressure drop (air flow restriction).

Costy: Total product cost represented as the summation of individual component costs.
Note: The design model is also bounded by a set of linear inequality constraints Ax = b and constraints Equations

(3.10)-(3.12) that can be further expanded. A more detailed design model can be found in [109].

56



Step 2: Component Sharing Through X-Means Clustering

If an optimal solution exists for the aerodynamic product portfolio based on the X-means clustering targets, the next
step is to determine whether additional costs savings can be realized by sharing the most design intensive components
among different product architectures. The X-means clustering technique is employed to determine the similarities
among the unique aerodynamic particle separator designs based on the solution results after Step 1. A successful
sharing solution among products represents a unique product family. The results from the unique aerodynamic particle

separator solutions can be seen in Table 3.5.

Step 3: Product Family Optimization with Shared Design Components

For the aerodynamic particle separator case study, the vane section is the most design intensive and costly component.
The complex curved vanes must be injection molded, which requires a unique mold to be machined for each vane
section design. By employing the X-means clustering technique, product engineers will be able to: (1) determine
which product architecture designs are similar based on the solutions attained during Step 1 and (2) determine the
number of candidate product families to include in the enterprise product portfolio based on the number of X-Means
cluster centroids generated. The L2 norm distance measure used by X-means will favor those design solutions that are
numerically close to one another. This will help guide the sharing decision of the vane section as products with close
numerical values for the variables that define the vane section (vane angle o, the inner and outer tube radii 7; and rp)

will be favored within a given cluster centroid.

Upper Level: Component Sharing Coordination The Upper Level (Component Sharing Coordination) of the
Aerodynamic Particle Separator model will handle the coordination of the shared vane section among product families.
The Component Sharing objective function will minimize the tolerance deviation variable of each shared variable.
There are three variables that define the vane section, including the vane angle o, the inner and outer tube radii r| and
.

Minimize €4 +¢, +¢,

Subject to:
2
gl o —alff|| ~ea <0 (3.13)
2
o5 e <0 ass
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Eng 2
rzS—rZS’kHQ—e,z <0 (3.15)

g3:

Here,

O, : Vane angle linking variable at the component sharing level.

(xizg : Value of vane angle linking variable response of Engineering Design Model for product k.

715 - Inner tube radius (r) linking variable at the component sharing level.

r izg : Value of Inner tube radius (r1) linking variable response of Engineering Design Model for product k.
a5 k- Outer tube radius (r) linking variable at the component sharing level.

rzgzg : Value of Outer tube radius () linking variable response of Engineering Design Model for product k.

€ Deviation tolerance variable between vane angle linking variable that is minimized in the objective function.

€,1: Deviation tolerance variable between inner radius linking variable that is minimized in the objective function.

€,2: Deviation tolerance variable between outer radius linking variable that is minimized in the objective function.

Lower Level: Product Family Optimization To minimize overall product portfolio costs, the number of unique
vane section designs will be minimized by sharing this component with products that can attain a feasible design so-
lution given this added objective. Equation (3.9) is reformulated to reflect the candidate product families and also the

shared vane components among each of these products within a given product family (represented as linking variables).

Minimize:

F(x)Architec'tum(k) = W/CHCkCJ - CkEngH% + W1/4F ||AFij _AFkEng H% +Cost

Fllotg; — oK E + |1y — r1E¥ 3+ || 2, — r2Eiek) 3 (3.16)

Subject to: Constraints as defined in Equations (3.10), (3.11) and (3.12)

3.3 Results and Discussion

3.3.1 Aerodynamic Particle Separator Optimization Results

Given the product design targets from the Data Mining X-means clustering step, the aerodynamic particle separator
model first attempts to identify feasible design solutions for the efficiency ({c;), flow area (AFg;) targets and given

physical and environmental (7, P,ir, etc.) parameters for each unique cluster centroid (C;). The aerodynamic particle
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separator solutions in Table 3.5 reveal that a total of five unique products can be designed for the initial five cluster

centroids targets generated by the X-means clustering with a total product portfolio cost of $173,910.

Table 3.5: Optimal solutions for individual aerodynamic particle separator designs*

Product |Product |# Units/ |Injection |Total Product

Product Design Variables Efficiency |Unit Cost |Cluster  |Mold Cost |Cost
ry r Ls a Lc r;  |AF L N [
(meters) |(meters)|(meters)|(rad) |(meters)|(meters) (meters)|{meters)|(# units) (%) $ (# units) $ $

Particle Separator 1 0.1732| 0.1936/ 0.1098|1.0400| 00109| 0.1163| 0.1207| 06000 4 779994 $69.01 226 $10,000.00 $25,595.41
Particle Separator 2 | 0.0707| 0.0842| 0.2709| 1.0400| 0.0088| 0.0715| 0.27971] 0.6799 24 85.9915 $171.03 207| $10,000.00 $45,403.45
Particle Separator 3 | 0.0248 0.0991| 0.3539) 1.0400| 0.0991| 0.0527| 0.45301| 0.5499 14 84.9963 $86.53 173 $10,000.00 $24,970.02
Particle Separator 4 | 0.0691| 0.0804) 0.3696| 1.0400| 0.0804| 0.0683| 0.44998| 06199 24 79 9955 $189.70 233 $10,000.00 $54,199.65
Particle Separator 5 | 0.1758| 0.1936| 0.0932| 1.0400| 0.0095| 0.1068| 0.10267| 0.7500, 5 77.9993 $85.36 161  $10,000.00 $23,742.41
Total Product Portfolio Cost $173,910.93

If Step 1 of the product family design methodology is successful, engineers can further investigate the potential
costs savings (Steps 2 and 3) that may be realized due to component sharing. The X-means clustering technique
performed during Step 2 reveals that out of the five unique aerodynamic particle separator solutions, products 1 and
5 form a feasible unique product family cluster, products 2 and 3 another and finally product 4 cannot be shared
with any other product and, therefore, reverts back to the original solution from Step 1. The cost of the injection mold
manufacturing process presents an opportunity for the initial product portfolio of five unique products to be redesigned.
The vane section of the product which is made through the injection molding process is shared among similar products
existing in the original portfolio. In this case study, the decision to share the vane angle is known as a priori due to the
high cost of designing each individual injection mold for the vane. Step 3 of the product family design methodology
employs the X-means clustering algorithm to identify products that have similar vane design solutions. The decision
to share the vane angle is an attempt to minimize the overall costs of the enterprise product portfolio by minimizing
the number of unique vane sections needed for the five aerodynamic particle separators. Products successfully sharing
a vane section will be considered a unique product family and each product existing in this product family, is defined
as a variant. However, it must be noted that the cost savings benefits of component sharing using the product family
approach to design may be offset by the decrease in the performance capabilities attainable by the newly designed
product variants. This trade-off scenario will, therefore, be based on how much cost savings can be realized through

component sharing and how much performance deviation can be accommodated by the customer.

The results in Table 3.6 reveal that sharing products 1 and 5, 2 and 3 (with product 4 being a separate unique
design), reduces the total product portfolio cost to $163,150: a total savings of approximately $10,760 for this product
portfolio design scenario. However, the efficiency of product 2 decreases from 85.99% with the individual optimization

model solution (Table 3.5) to 85.84% with the component sharing product family model solution (Table 3.6). The level
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Table 3.6: Optimal Solutions for Aerodynamic Particle Separator Product Families sharing the Vane Component*

Shared Component: Vane Section

ProductDesign Variables Product Product  #Units! |Injection  [Total Product
Product Efficiency  Jnit Cost Cluster |Mold Cost Cost
1, I, Ls 4
meters) fmeters) [(meters] (%) $ $ 5

Particle Separator
Product Family 1

Variant 1 0.1643| 0.1935 0.2771] 0.9532] 0.0106] 0.0884] 0.5993 0.2877| 4 77.9985) $81.54 226/ $10,000.00 $28,428.21

Variant 5 0.1653| 0.1935 0.2991] 0.9533 0.0097| 0.0812) 0.7487| 0.3088 5| T77.9979]  $105.10] 161| Shared $16,921.90
Particle Separator
Product Family 2

Variant 2 0.0908| 0.1064| 0.5559| 0.9446/ 0.0071] 0.0905 0.6797) 0.5630) 15 85.8444)  $196.45 207| $10,000.00 $50,664.52

Variant 3 0.0903| 0.1070] 0.0509( 0.9446/ 0.0072 0.0686] 0.5495 0.0581 12 84.9991 $74.77 173| Shared $12,935.74
Particle Separator
Product Family 3

Variant 4 0.069059/0.080357|0.369626| 1.04/0.0803570.068303(0.449983/0.619893) 24  79.995506|  $189.70) 233| $10,000.00 $54,199.65

Total ProductPortfolio Cost $163.150.02)

of allowable performance deviation will be dependent on customer expectations and the level of competition within
the market space. Although a feasible design may not always exist for every sharing scenario (for example sharing
a single vane component for each of the five products returned an infeasible solution), the benefits of investigating
sharing strategies through the X-means clustering recommendations may prove beneficial as can be seen from the

results in Table 3.6.

3.4 Conclusion

In this work, a comprehensive product family design methodology is presented that integrates realistic product op-
eration data with the engineering design of complex products such as the aerodynamic particle separator. The data
mining ReliefF algorithm is employed to determine the weights of each attribute. This information is then incorporated
into the data mining X-means clustering algorithm in order to generate the number of clusters along with the cluster
centroids that are inherent to the data itself. The results of the data mining clustering technique aid in determining
the number of unique products to design for a group of highly diverse customers. With this clustering information,
a product architecture can be designed that takes into account specific customer product functionality needs that are
represented in a large data set. Further cost savings can be realized through a component sharing strategy that is
achieved in this work by once again employing the X-means clustering technique to identify similar design solutions.
The hope is to expand on the concepts presented in this work by enabling the feasibility of the product architecture
optimization step to influence the generation of X-means cluster centroids. That is, local objective functions may be

highly sensitive to certain local design variables which can be taken into account during the X-means clustering step.
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Chapter 4

Decision Tree Classification for Product
Concept Generation

4.1 Product Concept Generation Methodology

The proposed Data Mining Decision Tree Classification approach to product portfolio design takes large data sets of
customer preference data and extracts meaningful product attribute information to help guide next generation product
design and development process. The overall objective of maximizing company profit is realized when a feasible set
of product variants is presented in the final solution process. The reduction of resources in this fast and highly efficient
narrowing of product concepts will be demonstrated through a cell phone example where an entire product concept
generation space of 576 (exhaustive combination of product attributes) product concepts is narrowed to only 46 through
a decision tree data mining approach. The generated product designs are then subsequently tested for engineering
feasibility. This is formulated as a multilevel optimization problem, where the generated predictive product concepts
are first translated into functional specifications and set as targets at the engineering level for design validation. A
feasible product design is therefore defined as one in which all customer preferences are satisfied, without violating
engineering design constraints.

The entire product portfolio generation process is divided into two phases. Phase 1 is the customer knowledge
discovery process which entails customer data acquisition and processing and data mining for feasible set generation.
Phase 2 involves the product concept validation through multilevel optimization and finishes with a product portfolio
selection. Figure 4.1 shows the overall flow of this process (The general flow on the left and the detailed flow on the
right of Figure 4.1) starting with customer data acquisition and ending with enterprise portfolio selection. The details

of the methodology are presented as follows:

4.1.1 The Concept of Novel, Previously Unknown Customer Information

The term product concept that is defined in the dissertation relates to the notion of novel, previously unknown customer
information that data mining is well known for [27, 28, 32]. To illustrate this concept, a simple test data set is presented

in Table 4.1. The data set contains 6 customer attributes (columns 1-6) with 1 predictor variable (Class variable in

61



Overall Product Portfolio Design Flow Detailed Product Portfolio Design Flow

Raw Customer Preference Data Customer Attributes Class
Preference Data — A

.t } Entire Product Concept Space
Data Mining: C4.5
} Predicted Product Concepts

[ Vector of predicted attribute targets T¢]

Feature | Objecti ign [C ivity | Battery Life [ Display [Max Price
MP3__|Cost Flip__[Bluetooth 5 200
MF3_ [Weight _|Flp Wi 3 i 160

- Replace node (i-1)
Create node (i) after with node (i) in Tree
node (i-1) in Tree
NO

Gain Ratio (i) >
ain Ratio (i-1

Product Design Validation

Eeas'b'.e Products validated) F'eniorprise Level Max Product Profit + |TC-Ren9| m Targets
’—‘ y Engineering Design
PHASE 2 [Pravuct2] [FRORRER] - - - N A lterative
{ l ; Engineering Level Min Product Cost__+_|RenU-Reng| UResponse
b — } Most Profitable, Feasible Feasible, validated product designs
product variants Portfolio Selection Max Overall Portfolio Profit

Figure 4.1: Overall flow of product portfolio optimization process.

column 7). Based on the attribute values in Table 4.1 of Feature, Objective, Design, Connectivity, Battery Life, and
Display, there are a total of 3 -2 -2 -3 - 3 . 2= 216 possible unique combinations (although only 10 out of the 216

exist in the sample data in Table 4.1). Two fundamental questions arise from observation:

e How can engineers determine novel attribute combinations without performing additional data acquisition pro-

cedures (customer surveys, focus groups, etc.)?

e How efficiently can engineers extract these new attribute combinations?

The term novel in this dissertation relates to information that is not readily observable or not explicitly defined
within the data set but can be quantified through the proposed decision tree induction technique. The following

product design question aims to illustrate how novel information can be extracted from a raw dataset.

e Given a specific attribute combination not existing within the data set: (For example referring to Table 4.1 in
the dissertation, it can be observed that the combination of {Games, Weight, Flip, Bluetooth, 5 hours battery,

ScreenSize} does not exist within the data set):
1. What price category (MaxPrice) would the above attribute combination fall under?

2. Are all of these attributes even needed in predicting the price category? That is, if only a subset of the at-
tribute space is included {Games, Weight and Flip} instead of the entire attribute space {Games, Weight, Flip,

Bluetooth, 5 hours battery, ScreenSize}, would it still result in the same price category (MaxPrice) prediction?
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Table 4.1: Example data set of customer attributes
Feature Objective Design Connectivity Battery Life Display MaxPrice

MP3 Cost Flip Bluetooth 5 ScreenSize 200
MP3 Weight Flip Wifi 3 ScreenSize 160
MP3 Weight Flip Bluetooth 3 Resolution 160
MP3 Cost Shell Infrared 5 ScreenSize 80
Camera | Weight Shell Wifi 3 ScreenSize 120
Camera | Weight Flip Wifi 3 Resolution 120
Games Cost Flip Bluetooth 5 Resolution 200
Games Cost Shell Wifi 7 Resolution 200
Games Weight Flip Infrared 5 ScreenSize 160
Games Cost Flip Bluetooth 3 ScreenSize 160

The case study example in section 4.2.1 helps address these questions. For example the decision tree structure
in Figure 3.2 reveals that for the Games phone, as long as the product also includes bluetooth connectivity and a 5
hour battery life, a price of $120 would be predicted. Therefore if design engineers were aiming to design the next
generation of Games phones to a customer market segment willing to pay $120, then these product attributes would
make up the primary product architecture.

Another example of attribute knowledge discovery can be observed in Table 4.1. If a camera phone product were
to be designed, rows 5 and 6 indicated that both camera phones, each with slightly different attribute combinations,
yield a purchase price of $120. However, based on the C4.5 algorithm (explained in section 1.4.1), no additional
attributes are needed to yield a camera phone price of $120 (see the initial partitioning in Table 4.2). Therefore from
a product design perspective, no additional resources should be invested in improving additional design features that
do not significantly influence the purchase decisions of a customer. This type of information is not readily observed
in the raw data set and will enable design engineers to design the next generation of Games and Camera phones by
including only the relevant attributes along with their predicted attribute levels. Such insights have the potential to

save on manufacturing and materials costs as well as on the time and efficiency of the product design process.

4.1.2 Product Concept Generation using C4.5 Machine Learning Algorithm

The proposed product concept generation methodology employs Quinlan’s C4.5 data mining tree generation algorithm
for attribute characterization [110]. The algorithm is based on the Divide and Conquer [111, 110] technique that de-
composes a set of training cases 7 with class variables {C},C3,...,Cy} until the partitioning yields a collection of cases
that predicts a single class variable C;. Each subsequent decomposition of the tree tests a single attribute that has out-
comes {01, ...,Ok} that are mutually exclusive to one another [111]. When applied to product portfolio optimization,
the class variable can be thought of as the overall performance criteria (determined by the enterprise decision maker)
influencing product launch decisions. The class variable selected by the enterprise decision maker can range from a

Price metric (later to be demonstrated in the cell phone example) to a Weight or Dimensionality metric, etc.
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The manner in which attributes are selected during each stage of tree decomposition is the fundamental strength of
the C4.5 algorithm and the primary reason why this data mining technique is so successful when applied to the product
portfolio paradigm. The term attribute can be thought of as the quantifiable product requirements of a customer. Ex-
amples of attributes may be minimum fuel economy expectations (miles per gallon) in the context of automotive design
or the battery life expectations of a hand held device. The tree termination criterion eliminates the need for an exhaus-
tive search of all possible attribute combinations, and when applied to multi-level optimization formulation in product
development, significantly improves on the time and efficiency of developing a portfolio of products. (Demonstrated
later in the cell phone example).

C4.5 Gain Ratio Criteria:

To avoid an exhaustive search of all possible attribute combinations, a systematic approach is to partition the data and
identify what attribute to split in the most efficient manner so as to gain the most information about the class variable.
For a given training set 7', a particular attribute that has K possible outcomes {Oy,...,Og} [111] can be tested. If S is
defined to be any set of cases (which can either be the entire training set 7 or a subset of T), then the occurrence of a

particular class variable C; can be denoted by

freq(Ci,S) 4.1

This is simply the number of times a particular class occurs in a given data set. The information gained by splitting a
particular attribute; gets its foundation from classical information theory that states: The information conveyed by a
message depends on its probability and can be measured in bits as minus the logarithm to base 2 of that probability
[110] . If freq(C;,S) determines the number of occurrences of a particular class, then the probability of randomly
selecting this class over the entire set of S cases would simply be:

freq(Ci,S)

4.2
S| 4.2)

where | S | represents the total number of cases in the data set S.
Following the definition of information conveyed, the information that this particular example conveys can be

represented as [111]

—log,( ) [bits] 4.3)

It is interesting to note that the range of the class variable C can be set by the enterprise decision maker depending

64



on the desired objective of the company. If customer willingness to pay is the performance metric (Class) to be
predicted, then this can be partitioned into {C,Cy,...,Cxn}, that is if the data is obtained through a direct customer
survey approach.

Later in the cell phone example, the primary criterion for selecting one device over the other is the maximum price
a customer is willing to pay for that particular design: MaxPrice, as it is abbreviated in the example is therefore the
class variable to be predicted. To measure the average amount of information needed to identify the class (for example,
all values of MaxPrice ranging from [$40 $80 $120 $160 $200]) of a case in a training set, the classes are summed

relative to their frequencies in the data set [110].

Cl ) S Ci7 S .
info(s Z U reqm 1og2(mq|(s))[bns] “4)

i=1

Note: T represents the entire set of training cases while S represents any set of cases within 7. Therefore, the above
formula can be used to calculate the information of subsets of T or the entire data set T. info(T) therefore measures
the average amount of information required to identify the class of a case in T by summing over the product of all the
class probabilities and their information as defined by equation 4.4 [111]. To test the amount of information gain of a
particular attribute, the attribute is partitioned into its respective mutually exclusive outcomes.

After partitioning T into k possible outcomes for a specified test X (attribute selection), the expected information

requirement is the summation of all subsets as given by [112]:

k .
infoy(T ZT] info(T;) 4.5)

The gain can therefore be defined as the difference in the total average information required to identify a class in

the training set minus the information achieved by testing a particular attribute [113]:
gain(X) = info(T)—infox(T) (4.6)

The above equation itself is an optimization problem where the objective is to maximize the information gain,
subject to the constraints of the algorithm sequence. Due to the fact that certain attributes may have significantly
greater outcomes, this metric alone may not be sufficient as it may skew the predictive capabilities of the algorithm in
favor of attributes with greater outcomes. A more accurate predictor of the information that is gained by partitioning

T is the gain ratio criterion that is defined as [111]:
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gain(X)

Where:
. L T;
Splitinfo(X)=—Y_ ||7{| ‘log, ||7{| (4.8)
j=1

The gain ratio represents the proportion of information (i.e., scaled information) generated by the split that is useful
in predicting the class variable [111].

The partitioning of a problem into subproblems (i.e., generating concepts) will be terminated when there is only
one class in that particular branch [111]. Pruning of subsequent branches can occur if replacing a branch with a leaf

will reduce the % error of that node and ultimately the entire branch [114].

C4.5 Discretization of Continuous Attributes
The C4.5 algorithm performs discretization and tree induction concurrently and is therefore not a user defined input
[115, 116]. For the case of a continuous attribute within a given data set (for example, a price or weight variable), a
binary split is determined for each attribute based on minimal entropy criteria [117, 116]. More recent contributions
to the C4.5 discretization of continuous attributes employ the Minimum Description Length (MDL) to help minimize
the bias that may be inherent in the underlying gain ratio criterion explained above.

Since discretization of continuous attributes is handled during the C4.5 tree generation approach [110, 117] , the
resulting attribute combination represents the most appropriate discretization to predict the class variable. Since C4.5
discretization is limited to the attribute space, and does not include the class variable, enterprise decision makers may
opt to choose a discrete variable to serve as the class variable. In the cell phone example presented later in the work,
the class variable represents pricing information gathered through an online interactive customer survey and therefore
is discrete based on the design of the survey. On the other hand if the data set comprises of revealed preference data
such as electronic store purchases or online transactions, the pricing information may be inherently continuous and
can therefore either be discretized during the data mining preprocessing step explained in section (1.4.1) or serve as an
attribute in the C4.5 formulation (another class variable such as “purchase phone: Yes or No,” may serve as the class
variable in this scenario). One also has the option to employ other data mining techniques that can handle continuous
class variables such as M5 Prime [118] or Classification and Regression Trees (CART) [119] which could then be

applied to other product design scenarios containing continuous class variables.
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Interpretation and Evaluation

PHASE 1 of the product portfolio formulation process provides design engineers with three critical pieces of informa-

tion vital to the product concept validation process (PHASE 2).

o Set of candidate product concepts: Represented as a unique combination of customer attributes.

e Class variable prediction: The predicted performance evaluation for product concept (j). In the example, this

is denoted by MaxPrice.

e Aggregated demand for a particular product concept: Represented by the total supported cases for a partic-

ular predicted class variable (represented as a leaf in the C4.5 decision tree).

4.1.3 PHASE 2: Product Concept Validation through Multilevel Optimization

The product concepts generated by the C4.5 decision tree data mining technique in PHASE 1 need to be validated to
ensure that such performance expectations can be realistically designed. This is modeled as a multilevel optimization
problem by adopting the Analytical Target Cascading (ATC) [89] multilevel optimization approach (although the
methodology is not limited to the ATC only). Phase 2 ends with a portfolio selection decision after feasible product

concepts have been validated by the interactions between the enterprise level and engineering level.

Enterprise System Level

This is where the profit of each individual architecture is calculated. This level includes the set of generated product
concepts that are directly incorporated into the engineering product design process. Also included in the Enterprise
System level is the market demand information predicted for a particular product variant (j). Mathematically, this is
represented as:

Given

C . . . EngL L
T, MaxPricejy,dj, R ,CostArdmcmre{j}
i — Taeni TC — RE"8|3 4.9
min nArchltecturej + ” ||2 + E€R + & ( . )

with respect to

En
R™"8, Costarchitecture {Jj}
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subject to

hl: nArchitecturej

_dj' (Maxprice{j} - COStArchitecture {j}) =0 (4.10)
gl: [RE" —RE""|3 —eg <0 4.11)
82 ¢ || Costaranireeure 1} — COSipepirecture 1413 —€c <0 (4.12)

Enterprise Level: Variable Notation Definitions
TC : Architecture targets (set of attribute combinations) predicted by C4.5 Decision Tree model.

d;: Represents the customer demand for product concept j predicted by the C4.5 data mining tree generation.
(Conceptually, this represents the number of cases supporting the final attribute partitioning, yielding a

single leaf, i.e., class prediction).

MaxPricej: is the single class variable predicted by the continual partitioning of the set of training data until

a single leaf (class) is achieved.

L . . . .
RE"€" : Engineering performance response target from the engineering subsystem level, cascaded up to the

enterprise level.

RE" ;. At iteration 1 of the ATC formulation [72, 77] RE"€ represents the enterprise estimation of engi-
neering design capabilities. This will be updated with each iteration to reflect the true design values

achievable by the engineering level, i.e. REns",

Costﬁ }e This represents the product cost based on the engineering capabilities of meeting pre-

rchitecture { j

dicted customer attributes. At iteration 1, this is estimated by enterprise decision makers and updated

to reflect the true cost based on engineering response thereafter.
TAchitecture; * Profit of architecture j, which is a function of price and cost of the product variant j.
€R : Deviation tolerance between customer performance & targets and engineering response.

¢ : Deviation tolerance between enterprise product cost estimation & targets and engineering response.

Engineering Level

This is where the individual architecture costs are calculated, along with the physical product architecture design.

The engineering design level is modeled as a mixed integer nonlinear programming problem [120], with discrete
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selection variables that govern component choice selections (manufacturer specifications, component design, etc) and
continuous variables that regulate the product dimensions and aesthetic design. The iteration between the enterprise
level and the engineering level determines the feasibility criteria for each product as customer targets are set at the
enterprise level and subsequently validated with an engineering subsystem response within a specified tolerance of €.
Mathematically, this is represented as:

Given

REngU
: EngV Eng |2
min COStArchitecture]- + ||R " —R ng”z (413)

with respect to
XEng
subject to:
Engineering product design equality constraints,

production capacity, materials, supplier constraints

hEng(XEng) =0 (414)

gEng(XEng) <0 (4.15)

Engineering Level: Variable Notation Definitions

CostAmh,-,ecmmj : The engineering design objective, Cost, is the primary performance criterion influencing
the product design, while the objective is not limited to the cost. The objective can be any individual
product performance objective, such as cost, weight, etc. In the cell phone example problem, the

engineering objective is to minimize the cost as well as matching the attributes targets RE"S" .

U . . .
RE"8” : Engineering performance response target from the enterprise system level, cascaded down to the

engineering level.

RE"8 . Performance response from the engineering design, i.e., REm8=RE"8 (XEng),

L . L .
(The engineering response R"¢ will become RE"" at the enterprise system level.)

The product architecture is defined in this work as the engineering design foundation from which product variants

can evolve. The functionality of each product architecture is unique and addresses the fundamental requirements of
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the product. For example, an MP3 product architecture would be designed such that the MP3 functionality can be
easily accessed and controlled by the user. An interactive Game capable (Noted as Games in the cell phone example)
cell phone would have a product architecture that allows the user to seamlessly switch from Game playing mode to
phone operation mode. These differences are addressed in the engineering design level, where customer attributes are

translated into engineering design functionality through a set of linear constraints (See Figure 4.3 and Figure 4.2).

Enterprise Portfolio Selection

This is where the overall enterprise portfolio profit is determined by searching through the feasible product space and
selecting/deselecting architectures in an attempt to maximize profit by generating an optimal product portfolio. Here,
the optimal portfolio is defined as the selected products that maximize the enterprise profit within the product portfolio
limit K. The termination of this selection process is determined when either 1) the product portfolio limit is reached in
case there exist more profitable product concepts than the limit, or 2) all the profitable product concepts are identified

in case the number of profitable product concepts is less than the limit. Mathematically, this is represented as:

min — Zk:lxjﬂmchi,eclwe(j) (4.16)
" subject to
hl:x;={0,1} je{l,...,k} (4.17)
glzzk:xj—K <0 (4.18)
j=0
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Enterprise Portfolio Selection: Variable Notation Definitions
T rchitecture(j) © Profit of architecture j
x; . Binary variable selecting or deselecting particular architecture (Tt chirecrure) Where Zl}:l x; <K

k: Total feasible product/variants that can be designed. This numeric value is attained through the engineer-
ing design validation process. The value k therefore represents the total number of product/variants

that satisfy customer performance and price expectations

K: Product portfolio limit. To avoid impractical manufacturing expectations and an over-saturation of prod-
ucts in the market space, the number of products existing in the product portfolio must be constrained.
The value set as the maximum portfolio limit may be a function of many externalities including compe-
tition, distribution and marketing constraints, etc. In the proposed approach, the product portfolio limit
is assumed to be set by the enterprise decision maker. (Note: Depending on the number of existing

feasible products, this limit may/may not be reached.)

The flow diagram in Figure 4.1 represents the overall process from customer preference acquisition via database
extraction to the generation of product concepts. The validated product concepts with the highest profit margins will

form the product portfolio (Subject to the product portfolio limit as determined by enterprise decision makers).

4.2 Application: Cell Phone Design

4.2.1 PHASE 1: Cell Phone Customer Knowledge Discovery

To validate the proposed decision tree approach in generating a product portfolio, a cell phone product portfolio case
study is presented. A cell phone survey was designed using the UIUC webtools platform where respondents had the
option of selecting a combination of attribute values and the price category that most closely represented their selection
[121] . To emphasize the strength of data mining in handling large datasets, additional data was simulated (based on
the generated survey questionnaire) using Excel Visual Basic to achieve a total of 40,000 customer responses. The data
preprocessing steps explained in section 1.4.1 are handled by the data mining analysis tool [1]. In machine learning
techniques, the raw data is partitioned: typically 2/3 is used to train the algorithm and the remaining 1/3 to test the
model for predictive accuracy [1]. For demonstration purposes, a small fraction of the train data 7 is used to illustrate
the decision tree generation algorithm discussed earlier. A set of 10 cases will demonstrate the gain ratio criteria in
decision tree decomposition (see Table 4.2).

The class variable in Table 4.2 is MaxPrice and is defined as the maximum price a customer is willing to pay
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for a particular product. The class variable can be altered, depending on the focus of the enterprise decision makers
to reflect the strategic objectives of the company. The proposed methodology aims to quantify the price sensitivity
information predicted by the decision tree model.

Each row in Table 4.2 will be defined as an independent Case. (The term Case refers to a unique customer response
containing certain attribute values along with the associated class value). There are 6 attributes in the example Table
represented as {Feature, Priority, Type, Connectivity, Battery Life, and Display}. The class variable MaxPrice is
partitioned into 5 separate, mutually exclusive classes [$40, $80, $120, $160, $200].

Since the 10 cases in the example do not all belong to the same class, the C4.5 divide and conquer algorithm can
be implemented in an attempt to split the cases into subsets. There are 4 classes in the cell phone sample train 7T file
(The $40 class of MaxPrice did not occur in this illustration but does in larger training sets). T contains three cases
belonging to $200 class, four cases belonging to $160 class, two cases belonging to $120 class and one case belonging

to $80 class for a total of 10 cases for the training data in Table 4.2.

Product Concept Generation Through C4.5 Decision Tree Classification

Step 1 Class Identification
Following the C4.5 algorithm, the first step is to determine the average information needed to identify a value of
MaxPrice in the training data. info(T)[bit] will be defined as:
2 2 1 1
)— 0 ‘logz(m) 70 '1032(5)
= 1.846]bits) (4.19)

. 3 3 4 4
info(T) = 10 ‘logz(ﬁ) 0 '1032(5

The above info(T) calculation is determined directly from Table 4.2 where the information needed to identify the
three cases of the $200 class out of the total 10 cases is represented in equation (4.19) as —13—0 -logz(%), and similarly
for each subsequent class identification.

Step 2 Artribute Selection

The information gained by selecting a particular attribute will determine the sequence of attribute selection and
consequently the structure and length of the decision tree or in product development terms, the number of candidate
product concepts that are generated and deemed to be the best predictors of each class of MaxPrice. The tree decom-
position process is an iterative approach, substituting one attribute over another if a higher information gain can be
realized by selecting this attribute as a node in the tree. To demonstrate this process, an attribute is selected as the

initial node (root) with the information gained calculated for the given selection.

(Attribute Test=Feature) The attribute selected is then partitioned into its individual mutually exclusive outcomes
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Table 4.2: Test Data for Decision Tree Generation

Feature Objective Design Connectivity Battery Life Display MaxPrice

MP3 Cost Flip Bluetooth 5 ScreenSize 200
MP3 Weight Flip Wifi 3 ScreenSize 160
MP3 | Weight Flip | Bluetooth 3 Resoluion | 160 Branch 1
MP3 Cost Shell Infrared 5 ScreenSize 80
I Camera | Weight Shell Wifi 3 ScreenSize 120
| camera | weight | Fiip Wifi 3 Resoluion | 120 } Ll
Games Cost Flip Bluetooth 5 Resolution 200
Games Cost Shell Wifi 7 Resolution 200
Games Weight Flip Infrared 5 ScreenSize 160 Branch 3
Games Cost Flip Bluetooth 3 ScreenSize 160

(represented by branches in the actual decision tree). There are 4 cases that are MP3, 2 cases that are Camera, and
4 cases that are Games to comprise of the 10 Feature cases as illustrated in Figure 4.2. The expected information

requirement of the Feature attribute is the weighted sum of the three subsets {MP3, Camera, Games}.

. 4 1 1. 2 2
lnfO{X:Feature} (T) = 10 ’ {_Z '10g2(4) 4 10g2(4)
0 0 1 1 0 0
—Z'logz(z)—z'logz(ﬂ 1 10g2(4)}
2 0 0 O 0
*0'{—5'105%2(2) logz(z)
2 2 0 0 0 0
—i'logz(i)—i'logz(i) 3 ng(z)}
4 2 2 2 2
S 1
+10 1 0g2(4) 1 0g2(4)
0 0 0 0

_glogZ(Z)_ZlogZ(Z)} 2 10g2(4)

=1.00 bits (4.20)

Therefore, the information gained by testing Attribute = Feature is simply:

galn(X) = ll’lfO(T) - info{X:Feuture}

= 1.864—1.00 = 0.864 [bits] 4.21)
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In the event that the data set contains one or several attributes with a significantly greater range of outcomes, the Split

Info(X) function can attempt to normalize the attributes.

gain(X)

=0.57 (4.22)

Each subsequent attribute that is tested on the basis of gain ratio criteria is compared with the previous attribute,
and substituted if a higher gain ratio is achieved. This iterative process is continued until a single class is identified for

a given attribute split.

Translation of customer attributes to engineering design functionality Customer predicted attribute information
must be translated into meaningful engineering functionality criterion for the product design process. A set of linear
equations represented by Figure 4.2 indicate which of the product functionality components are included in a particular
product architecture. Figure 4.3 is simply a textual explanation of the A-matrix and indicates which of the engineering
components are active.

Depending on the cell phone architecture type and the engineer design objective function, one or several of the
elements in each row of the A-matrix will be active (1) or inactive (0). The upper and lower bounds for the linear equa-
tions (b-matrix) therefore fluctuate based on the product concept requirements currently being tested. For example, if
an MP3 product concept requires a bluetooth connectivity feature, the element representing bluetooth connectivity in
row 7 of the A-matrix will automatically be active (1) and the lower bound for the connectivity linear constraint (which
comprises of 3 possible connectivity options: Bluetooth, Infrared or Wifi (See row 7 of Figure 4.3)) will immediately
be set to 1. That is, b7 of Figure 4.2 will be > 1. Furthermore, the lower bound for the external speaker (Row 11 of the
A-matrix in Figure 4.3) will be set to 1, indicating that the MP3 cell phone, will come equipped with external audio
capability (A functionality translation based on the customer attribute requirement of MP3 music playback). The red
highlighted numbers in each row of the A-matrix in Figure 4.3 (i.e., column indices) indicate the number of possible

choices for that particular component group.

4.2.2 PHASE 2: Product Concept Validation

Enterprise Level: Cell Phone Design Validation and Profit Calculation Once the customer data set of 40,000

cases (with 576 unique attribute combinations) has been narrowed down to 46 generated product concepts (vector of
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A Matrix Design Variables b Matrix

al 1 al 2 al 88 Xl bl

a2 1 a2 2 a2 88 X2 b2
X =

al? 1 al? 2 al? 88 X88 b17

Figure 4.2: Set of linear design equations (in matrix form) guiding the product architecture formulation

predicted product attribute combinations) via the C4.5 data mining tree generation technique, the engineering design
feasibility and potential profit margin for each product can now be determined: mathematically represented as follows:

(‘li\/e][
BatteryLife Connection Priorit Displa Type
1 Y f s I R 1 y’ ? P y7 ’ yp

L L
. BatteryLifeE"8 Connection®"s
MaxPrice;,d;,R YLif R

5 EngL : EngL EngL
RPrzorlty ,RDlsplay ,RType ,COSIJIT

: BatteryLife BatteryLifef"8 |2
min _nArchitecture]'"_HT yLif —R YLif H2

Connection __ pConnection™"8 |12 Priority __ pPriority®"8 |12
T REometion™ |3 - 7 RO 3
_’_HTDisplay _ RDisplayE"g ”% + ”TType _ RTypeE"g H%

+SBatteryLi fe ~+ €connection + 8Priorily

+8Displuy + EType +€&c (423)
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BartteryLife Connection PriorityE"8
R yLif R R bl

JEng

RDispl ay Eng

Type
,RVIPET Cost;
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Linear Constraints: Cell Phone Engineering Design

A Matrix (Functional Component Selection Process)

Matrix Element
Value

A(1,1:3) Cell Phone 32MB RAM: 3 Manufacturers to choose from

1

A(2,4:6) Cell Phone 64MB RAM: 3 Manufacturers to choose from

A(3,7:12) Cell Phone External Memory Storage: 6 Manufacturers to choose from

A(4,13:18) Cell Phone Hard Drive Storage: 3 manufacturers of 1 Gig and 3 manufactures of 2 Gig

A(5,[19:25]) Cell Phone Design: 2 Designs (Flip phone or Shell phone) manufactured in-house

A(6,[31:38]) Cell Phone Battery Design: 2 Types (NIMH or LION) manufactured in-house

A(7,[46,47,48]) Cell Phone Connectivity: Bluetooth, Wifi, Infrared from manufacturer

A(8,[49,50]) Cell Phone Microphone selection: 2 Manufacturers to choose from

A(9,[51,52,53]) Cell Phone Earpiece: 3 Manufacturers to choose from

A(10,[54,55]) Cell Phone Audio: Audio Jack component- 2 manufacturers to choose from

A(11,]56,57,58]) Cell Phone External Audio: External Speaker- 3 manufacturers to choose from

A(12,[59:66]]) Cell Phone Display Type: 2 Designs (IFT or OLED display) manufactured in-house

A(13,[73,74,75,76]]) Cell Phone Camera module: 4 manufacturers to choose from (1Mpixel VS 2 Mpixel)

A(14,[77,78,79,80]]) Cell Phone MP3 module: 4 manufacturers to choose from

A(15,[81,82]]) Cell Phone Internet module: 2 manufacturers to choose from

A(16,[83,84,85]]) Cell Phone processor for Games capability: 3 manufacturers to choose from

A(17,86) Cell Phone module for SMSText capability:1 manufacturer to choose from

e e T N I T I T I N I TN T N T

Figure 4.3: A matrix forming the linear equation set. The matrix is sparse, with active elements signified by a value of 1

subject to

hl : nArchitecturej — dj . (MaxPricej — COStj) =0

h2 : MaxPrice; = {$40,$80,$120,$160,$200}

crEng rEng
RBatterth fe . RBatterth fe
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L
PriorityEng Priorit Eng 2
|R rtorlyE ’l riority ||2

g3 : | S SPriority

g4 || RDzsplayE"g _ RDISPMYE "8 H% < €pisplay

L
g5: HRTYPEE"g 7RTypeE”8 ”% < EType

86 :||Cost; —Costf”% <egc

(4.24)
(4.25)
(4.26)
(4.27)
(4.28)
(4.29)
(4.30)

(4.31)

Here, the attributes are given as product design targets T and the engineering design responses are R, for which

deviations are defined as €. Individual product demand is noted d; with corresponding price MaxPrice; and cost

Cost;. The initial evaluation of the engineering design response is estimated and then subsequently updated with each

engineering design response thereafter.
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Engineering Level: Product Design Validation After the enterprise profit is calculated for each of the 46 product
variant concepts, individual product variants are checked for their feasibility in the engineering design space. Based
on the attribute targets, the engineering design team attempts to minimize the cost while meeting the product attribute
requirements.

Given

BatteryLifeV pConnectionV  pPriority!  pDisplay! pTypeV
R yLife” R R ¥" RDisplay” RTyp

: BatteryLifeV BatteryLife |2
min COStArchitecturej+ HR yLif —R yLif HZ

+||RC()nnecti0nU _RC()nnecti(m”% + ||RPri()rityU _ RPri()rityH%

+||RDisplayU _RDisplay”% + ”RTypeU _RType”% (432)

with respect to

XEng

subject to!

Screen Resolution Constraints,
Battery Design Constraints,
Outer Casing Design (Phone Type) Constraints,

Design Priority Constraints,

gEng(XEng) < OahEng(XEng) =0 (4.33)

Product Portfolio Selection Among the feasible product variants (35 out of 46), the final step is to generate product
portfolio under the specified limit of 7 total products. For each product variant, the selection variable x is defined to

achieve the final most profitable product portfolio.

min — ioxj’nf\rchitecture( 7 (4.34)
" subject to
hl:x;={0,1} je{l,...,35} (4.35)
i x—7 <0 (4.36)
Jj=0

!To enhance the overall flow, the elaborate constraints governing the engineering design of cell product variants are condensed and represented
by only gz, (XEng) and heug(XEng) above. Refer to the Appendix for detailed cell phone design model.
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4.3 Results and Discussion

Table 4.3: Results of C4.5 data mining product concept generation. The yellow highlighted rows indicate members of the optimal
product portfolio.

Product Product Objective | Design | Connectivity | Battery_Life Display Demand | MaxPrice | Engineering Design | Product Unit | Generated | Product Portfolio
Platform Variants Validation Cost Profit Member
ene 1 Weight Bluetooth 3 293 $80 Feasible $46.04 $9,951 Yes
2 Cost Bluetooth 3 297 $40 Feasible $43.66 -$1,087 No
3 Infrared 3 591 $80 Feasible $41.59 $22,701 Yes
4 Weight Wifi 3 284 $40 Feasible $47.77 -$2,206 No
5 Cost Wifi 3 318 $80 Feasible $45.42 $10,997 Yes
6 Weight Bluetooth 5 290 $40 Feasible $53.69 -$3,970 No
7 Weight Infrared 5 283 $40 Feasible $57.08 -$4,833 No
8 Weight Wifi 5 302 $80 Feasible $60.65 $5,845 Yes
9 Cost Flip 5 468 $80 Feasible $45.04 $16,363 Yes
10 Cost Shell 5 413 $40 Feasible 51.28 -$4,659 No
11 7 1123 $40 Infeasible 53.73 -$15,422 No
T 3 ScreenSize | 907 $160 Feasible 45.61 $103,752 Yes
2 Flip 3 Resolution 441 $160 Feasible $48.44 $49,196 Yes
3 Shell 3 Resolution 423 $80 Feasible $47.91 $13,575 Yes
4 Weight Bluetooth 5 314 $160 Feasible $66.64 $29,316 Yes
5 Cost Bluetooth 5 331 $80 Feasible $58.33 $7,174 Yes
6 Infrared 5 578 $120 Feasible $56.26 $36,844 Yes
7 Wifi 5 600 $80 Feasible $59.83 $12,104 Yes
8 7 ScreenSize 579 $80 Infeasible $61.22 $10,872 No
9 Weight 7 Resolution 296 $80 Infeasible $64.09 $4,710 No
10 Cost 7 Resolution 294 $40 Infeasible $64.06 -$7,073 No
1 Bluetooth 3 581 $160 Feasible $55.33 $60,812 Yes
2 Bluetooth 5 563 $120 Feasible $68.21 $29,158 Yes
3 Infrared 1185 $160 Feasible $49.42 $131,031 Yes
4 None 1104 $120 Feasible $45.69 $82,033 Yes
5 Weight Wifi 598 $160 Feasible $56.30 $62,011 Yes
6 Cost Wifi 3 304 120 Feasible 56.83 $19,203 Yes
7 Cost Wifi 5 321 160 Feasible 69.71 $28,983 Yes
1 Bluetooth 1166 200 Feasible 87.59 $131,075 Yes
2 Infrared 1222 $200 Feasible $88.58 $136,150 Yes
3 None ScreenSize 602 $120 Feasible $88.59 $18,909 Yes
4 None Resolution 580 $80 Feasible $79.99 $6 No
5 Wifi 1184 $200 Feasible $79.98 $142,103 Yes
erne 1 Bluetooth ScreenSize 583 $120 Feasible $54.67 $38,085 Yes
2 Bluetooth Resolution 546 $160 Feasible $57.51 $55,960 Yes
3 Weight Infrared 559 $160 Feasible $56.59 $57,807 Yes
4 Cost Infrared 543 $120 Feasible $52.60 $36,596 Yes
5 Weight Flip None 295 $160 Feasible $52.86 $31,607 Yes
6 Cost Flip None 294 $80 Feasible $48.87 $9,151 Yes
7 Weight Shell None 297 $80 Feasible $51.53 $8,455 Yes
8 Cost Shell None 295 $160 Feasible $48.36 $32,932 Yes
9 Wifi 1120 $120 Feasible $56.17 $71,485 Yes
MP3 1 Bluetooth - - 1239 $200 Feasible $98.48 $125.778 Yes
2 Infrared - - 1108 $200 Feasible $95.90 $115,337 Yes
3 None - - 1124 $80 Feasible $92.17 -$13,685 No
4 Wifi - - 1161 $200 Feasible $99.47 $116,710 Yes

The proposed product portfolio methodology presents more than just a set of feasible product concepts, but rather
a validated portfolio of product designs that are the best indicators of market success which ultimately maximize
overall enterprise profit. Table 4.3 presents the final solution achieved in the cell phone case study of 40,000 customer
responses that are subsequently narrowed down to 46 predictive product concepts. As can be seen in Table 4.3 , column
10, the multilevel optimization formulation returns a vector of feasible/infeasible product designs based on customer
predictive preference targets cascaded down to the engineering level. In the proposed methodology, the term feasibility
is defined as customer preference targets attained through data mining predictive techniques that are matched within
the engineering design response tolerance of (€=0.01). A product design that fails to satisfy this tolerance is considered

to be a suboptimal product variant and is excluded in the optimal product portfolio.
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Table 4.4: Detailed Engineering Design Product Variant Solutions

Component [SMS Phonel{SMS Phone2| Phone3 |SMS Phone4| Phone5 |SMS Phone6| Phone7 |SMS Phone8| Phone9 [SMS Phonel0
Variable Description Source Solution Solution Solution Solution Solution Solution Solution Solution Solution Solution Units
Jective Cost Cost Cost Werght Cost Cost Cost Cost Werght Cost
|'GZ Megabyte Discrete Manufacturer 1 0 0 0 1 0 0 0 0 1 0 -
1 Manufacturer 2 0 0 0 0 0 0 0 0 0 0 -

I Manufacturer 3 1 1 1 0 1 1 1 1 0 1 -
€l one Discrete | Engineenng Design 0 0 T 1 0 0 0 0 0 0 -
[Phone Length | Engineering Design 80.5 120.0 80.0 80.0 120.0 120.0 120.0 120.0 120.0 120.0 mm

one Widtl Engineering Design 40.0 40.0 40.0 40.0 40.0 40.0 40.0 46.5 40.0 40.0 mm
[Phone Thickness | Engineering Design 12.0 16.3 13.1 22.4 16.3 12.0 12.0 12.0 16.3 16.3 mm
[Phone Weight | Engineering Design 19.7 20.0 214 36.5 20.0 29.4 29.4 34.1 40.0 40.0 g
[PRone Cost | Engineering Design 8.8 18.0 9.6 16.4 18.0 13.2 13.2 15.3 18.0 18.0 $
[FTip Phone Discrete | Engineering Design, T T 0 0 T T T T T il =
[Phone Cength Engineering Design 100.0 100.0 100.0 100.0 100.0 100.0 100.0 100.0 100.0 100.0 mm
[Phone Width Engineering Design| 45.0 45.0 45.0 45.0 45.0 45.0 45.0 45.0 45.0 45.0 mm
[Phone Thickness | Engineering Design, 12.0 12.0 18.1 18.1 132 132 132 18.1 18.1 18.1 mm
[Phone Weight | Engineering Design 26.5 26.5 40.0 40.0 29.2 29.2 29.2 40.0 40.0 40.0 g
[Phone Cost Engineering Design! 7.9 7.9 12.0 12.0 8.8 8.8 8.8 12.0 12.0 12.0 $
[Nickel Metal Hydride | Engineering Design, 0 0 0 0 0 0 0 0 0 0 =

Engineering Design 50.0 50.0 50.0 49.6 50.0 50.0 50.0 50.0 50.0 50.0 g
Engineering Design 80.0 60.6 80.0 80.0 80.0 80.0 80.0 80.0 80.0 80.0 mm
[Engineering Design! 22.2 60.0 48.8 26.4 22.2 22.2 22.2 22.2 48.8 48.8 mm
[Engineering Design! 30.0 14.7 13.7 25.0 30.0 30.0 30.0 30.0 13.7 13.7 mm
Engineering Design 20.2 20.2 20.2 20.0 20.2 20.2 20.2 20.2 20.2 20.2 $
|Engineering Design| _ 1139.4 11394 11394 11294 1139.4 1139.4 1139.4 11394 11394 11394 mAh
[Engineering Design T T T T T T T 1 1 1 -
[Engineering Design 9.49 9.49 9.49 16.20 16.19 16.19 16.19 22.19 22.19 22.19 g
[Engineering Design| ___48.30 4656 48.00 48.00 72.00 72.00 72.00 72.00 72.00 72.00 mm
Engineering Design! 41.21 42.75 38.00 38.00 42.75 42.75 42.75 42.75 42.75 42.75 mm
Engineering Design 5.40 5.40 5.89 10.06 5.96 5.96 5.96 8.16 8.16 8.16 mm
Engineering Design 8.64 8.64 8.63 14.74 14.73 14.73 14.73 20.19 20.19 20.19 $
Engineering Design| 464.23 464.23 463.94 792.34 791.95 791.95 791.94 1085.13 1085.13 1085.13 mAh
Engineering Design 3.00 3.00 3.00 5.00 5.00 5.00 5.00 h
Manufacturer T 0 0 0 1 1 0 0 0 0 0 B
| Manufacturer 1 0 0 0 0 0 0 T 0 0 0 =
Manufacturer T 0 0 0 0 0 1 0 0 0 0 =
[Microphone Discrete Manufacturer 1 1 1 1 1 1 1 1 1 1 1 -
Manufacturer 2 0 0 0 0 0 0 0 0 0 0 -
[EarPiece Discrete Manufacturer T 1 1 1 0 1 T T 1 0 1 -
Manufacturer 2 0 0 0 1 0 0 0 0 1 0 -
Manufacturer 3 0 0 0 0 0 0 0 0 0 0 -
[CCD Discrete Variable | Engineering Design, T 0 0 0 1 T T T 0 0 -
ength of [Engineering Design 30.00 30.00 24.00 35.71 30.00 30.00 30.00 30.00 30.00 30.00 mm
|Engineering Design 31.50 31.50 28.00 28.00 31.50 31.50 3150 3150 3333 3150 mm
[Engineering Design| _13929.30 13929.30 9906.16 14740.00 13929.30 13929.30 13929.30 13929.30 14740.00 13929.30 pixels
[Engineering Design: 4.73 4.73 3.36 5.00 4.73 473 4.73 4.73 5.00 4.73 $
|Engineering Design 37.80 37.80 26.88 40.00 37.80 37.80 37.80 37.80 40.00 37.80 g
[Engineering Design 9.45 9.45 6.72 10.00 9.45 9.45 9.45 9.45 10.00 9.45 mhA
[Engineering Design 0 1 1 T 0 0 0 0 1 1 -
|Engineering Design 30.00 30.00 24.00 24.00 30.00 30.00 30.00 30.00 30.00 30.00 mm
Engineering Design! 31.50 31.50 28.00 28.00 31.50 31.50 31.50 31.50 31.50 31.50 mm
[Display Resolution Engineering Design|  18540.90 18540.90 13184.64 13184.64 18540.90 18540.90 18540.90 18540.90 18540.90 18540.90 pixels
JOTED Manufacturing | Engineering Design 7.56 7.56 538 538 7.56 7.56 7.56 7.56 7.56 7.56 $
JOLED Unit Weight | Engineering Design 28.35 28.35 20.16 20.16 28.35 28.35 28.35 28.35 28.35 28.35 g
[Consumption Engineering Design 28.35 28.35 20.16 20.16 28.35 28.35 28.35 28.35 28.35 28.35 MhA
rSMS Module Manufacturer 1 1 1 1 1 1 1 1 1 1 1 -
IPruduct Unit Cost i 45.61 48.44 47.91 66.64 58.33 56.26 59.83 61.22 64.09 64.06 $lunit
I Product Unit Weight Solution 93.35 83.90 70.61 99.94 111.69 111.29 115.58 119.59 108.74 110.14 g
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Product feasibility is however not the only measure of product design success. With the incorporation of demand
information directly acquired through the C4.5 data mining process, each product variant profit can be calculated based
on the unit product cost, the MaxPrice class prediction and the demand for a particular product concept i. Referring
to the results for the Generic Phone architecture in Table 4.3, there are 11 product concepts generated through the
data mining technique. As the results indicate, generic product variant 11 with a predicted battery life expectation
of 7 hours and a MaxPrice prediction of $40, was found to be infeasible in the engineering design formulation. The
violated target in this scenario was that of the battery life with a maximum attainable engineering design response of
6.79 hours (Table 4.4). Using the proposed metric for evaluating feasible designs, this product concept clearly violates
the tolerance limit, hence is excluded as a candidate for the optimal product portfolio. In addition to the feasibility
check, the proposed approach also generates the unit cost for product design with its corresponding profit. For this
specific variant, Generic variant 11 in the Table 4.3, the unit cost is $53.73, therefore its corresponding loss is $15,422.
Customers shows their preference for this specific variant. However, this concept should not be pursued due to the
projected loss.

Referring to the Generic architecture results in Table 4.3, there are several product concepts that have a feasible
engineering design but are omitted in the optimal product portfolio set. As discussed earlier, this is due to the fact
that overall enterprise profit is the second criteria for evaluating product variants to be included in the optimal product
portfolio. There are total of 11 infeasible and/or negative profit generating product variants out of the 46 product
concepts predicted by the data mining process, resulting in 35 candidate products to introduce to the cell phone
market. Depending on the enterprise product portfolio limit, and the number of product families that can be managed,
all or a few of these products could be considered for market launch.

If a maximum portfolio limit size of 7 is assumed, the enterprise optimal product portfolio as described in section
4.1.3, would simply be a selection of the most profitable product variants, subject to the portfolio limit constraint. This
is modeled by the selection problem in (4.34) — (4.36). Exploring the entire product concept space generates a solution
of 7 product variants spanning multiple product families. The final solution yields 1 product variant from the Games
product family, 3 product variants from the Camera product family (Camera product variants {1,2,5}) and 3 product
variants from the MP3 product family (MP3 product variants {1,2,4}) yielding a total product portfolio sales volume
(based on demand information) of 8265 units and an overall enterprise profit of $898,185.

Such powerful insights enable enterprise decision makers to evaluate products/variants based on several dimen-
sions of performance. In the example of 40,000 customers, each customer does not have to be provided with his/her
own unique customizable product, but rather purchasing behaviors can be addressed with the 46 product concepts
generated in the data mining predictions. Furthermore, enterprise decision makers can determine which out of these

product concepts would be the most successful in an attempt to maximize profit.
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4.4 Conclusion

The volatility of highly competitive consumer markets is the major driving force shaping company strategies in product
development. The power to accurately predict and design products before they launch is a fundamental tool in ensuring
a competitive advantage amongst fierce competition. The major focus of this research is to predict customer wants and
subsequently design the most profitable products or product variants. The predictive aspects of product development
are addressed through data mining techniques that generate candidate product concepts along with individual predicted
demand information. The validation of these product concepts at the engineering design level increases the likelihood
of the products being market successes if launched. As a result, enterprise decision makers will have several options in
formulating an optimal product portfolio. Other metrics such as level of commonality among product variants can be
used as an additional evaluation metric in deciding product launches. Additional cost savings benefits may be realized

through post optimality analysis of shared components.

4.5 Product Concept Generation with Multi-Response Preference Data

Engineering design efforts often involve many disciplines trying to coordinate between system performance expecta-
tions and design capabilities. Product performance expectations can include many competing objectives such as high
reliability, low energy consumption, minimal environmental impact, to name but a few. In today’s modern era of mass
customization, design engineers are faced with the challenge of delivering product diversity at a relatively low cost.
There have been several proposed techniques for acquiring and incorporating performance feedback into the systems
design process, ranging from traditional statistical driven methods such as conjoint analysis and discrete choice anal-
ysis to data mining methods such as decision tree classification and clustering approaches [21, 22, 55, 122]. A major
drawback of existing performance preference acquisition techniques is their limitation to single output response vari-
able predictions. Single output response variable predictions may be insufficient for design teams in realistic product
development settings when attempting to accurately model next generation designs.

To overcome some of the limitations of single response modeling techniques, this section presents a novel approach
to predict multiple output responses. The proposed Multi-Response Data Mining methodology is a tree induction
algorithm that attempts to simultaneously predict multiple variable responses (performance criterion) based on an
output response filtering technique and a generalized association measure for efficient model generation. The results
of the Multi-Response Data Mining model will serve as system performance targets in a multi-objective design space
and aid in assessing the feasibility of product design solutions. Instead of exhaustively investigating the Pareto space
in a multi-objective design model, design engineers will be guided by the performance target solutions which will

serve as product design targets in the multi-objective design model.
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4.5.1 Existing Single Response Predictive Data Mining

There are many well established predictive data mining algorithms capable of handling single response predictions
with proven results. Some of which include Naive Bayes classification, Support Vector Machines, Decision Tree
Classification, to name but a few [95].

The Naive Bayesian data mining algorithm assigns output response predictions by employing Bayes’ Theorem in
calculating posterior probabilities. The fundamental assumption of the Naive Bayes algorithm is the assumption of
attribute independence which significantly reduces the complexity of the formulation. Under the Maximum Likelihood
function, the correct output response prediction is achieved so long as it is more probable than any other output
response [80].

Support Vector Machines (SVMs) is a relatively new classification algorithm that has been successfully applied to
both linear and non-linear data sets. SVMs attempt to identify the unique response values by creating the maximum-
separating hyper-plane that partitions the instances within the data set that belong to a particular response. By trans-
forming the original data into a higher order dimensionality space, SVMs can identify the optimal boundary that
maximizes the distance between the output response labels and the hyper-plane [123].

The Decision Tree Classification algorithm predicts the response variable based on a data-partitioning strategy
that incorporates the notion of node impurity in determining the structure of the tree. Attributes are independently
tested to determine their ability to reduce the impurity of the response variable at each node of the tree. The iterative
data partitioning sequence continues until a single response is identified, accompanied by supporting instances. Many
attribute evaluation metrics have been proposed throughout the data mining and statistics community with two of
the most popular metrics being the Information Gain metric (used in the C4.5 decision tree classification algorithm
discussed in section 4.1.2) and the Gini Index (used in the Classification and Regression Trees (CART) algorithm
[119]). The mathematical overview of these two metrics will now be presented. Each metric measures the impurity
(heterogeneity) of the response variable at node T in relation to an attribute’s ability to reduce this impurity. For
the Information Gain metric presented earlier in section 4.1.2, this impurity reduction is achieved by maximizing the
Information Gain equation, succinctly represented below (note: for a detailed overview of the Information Gain metric,

please refer to section 4.1.2):

=
M=
ﬂ/\:ﬂ
=

Information Gain(T) = (=) p(c;i)-logap(ci))—( p(cilaj) -logap(cilaj)))[bits]  (4.37)
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0

Here,

e p(c;) : represents the fraction of a response variable ¢; in the data set T.

82



e p(cilaj) : represents the fraction of a response variable ¢; when conditioned on a particular attribute value a;.

e N: represents the number of mutually exclusive response values within the data set (discrete case).

[ ]
~l =3

: represents the fraction of the data set that exists in the attribute partition a; ():5»(:1 +=1).
e a;:represents a unique value of the current test attribute A (a; € A).
e K: represents the number of mutually exclusive attribute values of the current test attribute A.

The attribute that maximizes equation 4.37 is selected as the split attribute at each iteration until a purely homo-
geneous response variable exists in the data subset. The Gini Index presents a similar formulation as the Information

Gain metric with the mathematical formulation as follows:

.. N 5 T N o IR il 2
Gini Index(T) = (lf;p(ci) )f(?(lf;p(ciku) )Jr?(lf;p(ci\aR) ) (4.38)

Here,
e p(c;) : represents the fraction of a response variable ¢; in the data set T.
e p(cilar) : represents the fraction of a response variable ¢; when conditioned on the left attribute partition aj..
e p(cilag) : represents the fraction of a response variable ¢; when conditioned on the right attribute partition ag.
e N: represents the number of mutually exclusive response values within the data set (discrete case).
e q; : represents the left partition of the test attribute (binary attribute splits).
e - : represents the fraction of the data set that exists in the left attribute partition a, (%+T—TR=1).
e ap : represents the right partition of the test attribute (binary attribute splits).
e -k :represents the fraction of the data set that exists in the right attribute partition ag (%+%=1).

In many systems design scenarios, engineers and design teams must make decisions about complex systems that
will be evaluated on more than one objective. Consequently, existing single response data mining approaches may be

insufficient in capturing next generation systems performance requirements.
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4.5.2 Existing Multi-response Predictive Data Mining

The complexities of many real life design problems demand higher dimensions of performance evaluation in order to
provide feasible candidate design solutions. The output from multi-response data mining models can then be set as
targets in multi-objective engineering design models.

There have been several data mining approaches that have been proposed to handle multi-response variables.
Zhang proposes a generalized entropy measure to handle multiple binary response variables [124]. This is achieved by
maximizing the log likelihood function derived from an exponential distribution used to fit multiple binary responses.
This approach however would severely limit design scenarios involving responses that have more than a binary output.
Siciliano and Mola investigate multi-response variables that are not limited to binary cases and use a weighted Gini

index as a measure of multi-response impurity that can be mathematically represented as[125]:

G N
ht)= (1=} Y w(g)-pleg)’) — (X (1=} Y wlg) plegalar) + 2 (1-) 2 w(g) -plegilar)?))  (439)

Here,
e p(cg,; :) represents the fraction of a multi-response variable (g) with given value (i) g€G, i€N.

o p(cgilar) : represents the fraction of a multi-response variable (g) with given value (i) when conditioned on the

left attribute partition ay.

e p(cilag) : represents the fraction of a multi-response variable (g) with given value (i) when conditioned on the

right attribute partition ag.
e N: represents the number of mutually exclusive response values within the data set (discrete case).
e q; : represents the left partition of the test attribute (binary attribute splits).
e - : represents the fraction of the data set that exists in the left attribute partition a, (%+T—TR=1).
e ap : represents the right partition of the test attribute (binary attribute splits).
e -k :represents the fraction of the data set that exists in the right attribute partition ag (%+%=1).
e w(g): represents the assigned weight to multi-response variable (g).Zgzlw(g):l and w(g)>0vg=l,...,.G.

One of the challenges with the above formulation is that the weights w(g) can be subjective, creating biases in the

attribute evaluation metric and subsequent decision tree model [126]. A related multi-response approach has been
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proposed by Kim and Lee which extends the original information gain metric in equation 4.37 to include multiple re-
sponses [126]. This approach however may result in an exhaustive combination of multiple response values rendering
the metric incapable of reducing the impurity of the multi-response data set. To illustrate this scenario, 3 response
variables are given, each with 2 mutually exclusive values. That is, C1={c1 1, c12}, C2={c21, 22}, C3={c31, 32}
There are a total of 23=8 possible combinations. Therefore if each of the response combinations is to be present in the
data set, a minimum of 8 instances are needed to represent each unique combination. For a tree generation (data set
partitioning) strategy to be feasible, the instance-response proportion must be high, otherwise a large tree may result
with single instances existing at the final leaf.

In order to avoid the exhaustive multi-response combinations, an Apriori-like algorithm is first employed to the
set of responses to determine the frequently occurring response combinations. Unlike the existing multi-response
approaches discussed in the previous section, this enables subsets of response combinations to serve as the evaluation
metric in the absence of a suitable number of complete response combinations. The multi-response combinations
will satisfy the anti-monotone Apriori property: if any length k pattern is not frequent in the database, its length
(k+1) super-pattern can never be frequent [127]. The example below will help illustrate the benefit of multi-response
frequent pattern analysis as a means of generating a stable attribute performance metric. In Table 4.5, response C1 has

a purely homogenous distribution with values ¢y ;.

Table 4.5: Attribute Characterization based on Attribute Definition
| Data Instance | Response C1 | Response C2 | Response C3 |

Instance 1 c11 €21 €31
Instance 2 1,1 €22 €31
Instance 3 c11 23 €32
Instance 4 1,1 €24 €33
Instance 5 C11 €25 €33

If this were a single response model, the tree would terminate at this data subset due to the purely homogenous
distribution. In the multi-response scenario however, responses C2 and C3 must also be investigated. It can be observed
that response C2 is the opposite of response C1 with a purely heterogenous distribution of values ranging form ¢, ; to
¢2,5. If multi-responses C1 ,C2 and C3 were being evaluated simultaneously, this would yield 5 unique combinations,
representing the most impure response distribution case. Instead, it is assumed that a minimum threshold for multi-
response frequency is 2 instances within the data set. By employing the Apriori frequent pattern analysis on the
multi-response cases, there are 2 response combinations left that satisfy the minimum threshold constraint. That
is, combinations {c; ; and ¢3 1} and {c¢,; and c33}. Therefore, the attribute evaluation metric that is presented in the
following section will judge an attribute’s predictive power based on the frequent response combinations as determined

by the Apriori algorithm, rather than an exhaustive combination of all possible response combinations.
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Multi-response Attribute Evaluation Metric

The Generalized Association Measure (GAM) is proposed to handle design scenarios involving multi-response out-

puts. The GAM represents an attribute evaluation metric which is mathematically defined as[128].

o fsapX)F, 1 1
o= \/ n (Sup(ai)k+sup(c1)k"'+sup(cm)k) (4.40)

Here,

e X: represents a set containing n events (g;, and cj...,c,). a; represents the value of the test attribute and cj...,c;,

(m >2) represent the set of multi-response values.
e n: represents the total number of events including the attribute value of interest (a;, and cj...,c,).
e sup: represents the number of instances of an event(s) within the data set/subset.

e k: represents the exponent of the generalized mean. The given value of k enables the Generalized Association
Measure to take the form of one of the null invariant measures such as: AllConf (k — -o0), Coherence (k =
—1), Cosine (k = 0), Kulc (k = 1) and MaxConf (k — +o). Each of these special cases of the Generalized
Association Measures possess the null-invariant property which distinguishes them from many existing metrics.
That is, their interestingness score is not influenced by irrelevant instances in the data set that do not contain the

event combination of interest [128].

When investigating an attribute’s predictive power through time, the stability of the multi-response attribute eval-
uation metric becomes critical. The following section discusses the stability of the Generalized Association Measure

compared to traditional metrics such as the Information Gain.

Stability comparison of multi-response metrics

Table 4.6: Data set illustrating metric stability
| Attribute 1 | Attribute 2 [ Attribute 3 [ Attribute 4 | Attribute 5 | Response |
ap, az azp asp as,| €1
aip az, as, as asp Cl

To gain a deeper understanding of the implications of these challenges, 3 different scenarios are presented with the
results given in Table 4.7. For simplicity, the instances in Table 4.6 will serve as the basis for scenario 1. From Table

4.6, it can be observed that the attribute value a; ; is perfectly correlated with the response ¢ and would therefore
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be unanimously considered as the attribute with the highest distinguishing power, regardless of the inferestingness

measure selected. It can be observe in the following 3 scenarios how the addition of irrelevant instances (null-data)

can influence some interestingness measures.
e Scenario 1: The data set contains 2 instances as seen in Table 4.6.

e Scenario 2: 10 additional instances are added to scenario 1. For attribute 2, these 10 new instances assume

the value (az>) while the 10 additional response values assume the value (c3), making a; > and c¢;, perfectly

correlated.

e Scenario 3: Similar to scenario 2 but in this case, each of the 10 instances of both the attribute and response is

unique however still perfectly correlated. That is, the 10 newly added instances of attribute 2 range from a > to

az 11 and the 10 newly added response instances range from c; to c1;.

Table 4.7: Stability of Attribute Evaluation Measures

Evaluation Metric Formulation ‘ Bound ‘ Scenario 1 ‘ Scenario 2 ‘ Scenario 3 ‘
Information Gain Entropy(Class)—Entropy(Class|Attribute) {O,oo} 0.00 0.650 | 3.418
k[ sup(X)¥ 1 1 1
o X (ot + i+ i) | {01} | 100 | 100 | 1.00
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Figure 4.4: Linking Multi-response Data Mining with Systems Design
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Although there exists perfect correlation between the attribute and response value in each of the scenarios, Table 4.7 re-
veals some of the inconsistencies that are inherent in the actual numeric interpretations of different attribute evaluation
metrics. As can be seen from Table 4.7, the Generalized Association Measure (GAM) presents a more consistent nu-
meric solution for perfectly correlated attribute-response relationships. This becomes critical when modeling the time
series attribute behavior as time series modeling techniques may be sensitive to such variations in attribute correlation

statistics.

4.5.3 Multi-Response Preference in Engineering Design

The complexity of many real life systems design problems demand higher dimensions of performance evaluation in
order to provide more robust design solutions. Single system objectives such as cost minimization or environmental
impact minimization are in many cases not mutually exclusive performance objectives and should therefore be investi-
gated simultaneously during the design phase. The proposed Multi-Response Data Mining methodology can therefore
be integrated into the design process and serve as targets to multi-objective, multi-level design models as seen in Fig-
ure 4.4. The attributes accompanying the multi-response model in Figure 4.4 can serve as constraints and parameters

for the design variables involved in achieving the performance objectives in the multi-objective design space.

4.6 Comparative Analysis Between Demand Modeling Techniques

This section presents a comparative study of choice modeling and classification techniques that are currently being
employed in the engineering design community to understand customer purchasing behavior. An in-depth comparison
of two similar but distinctive techniques — the Discrete Choice Analysis (DCA) model and the C4.5 Decision Tree (DT)
classification model — is performed, highlighting the strengths and limitations of each approach in relation to customer
choice preferences modeling. A vehicle data set from a well established data repository is used to evaluate each model
based on certain performance metrics: how the models differ in making predictions/classifications, computational
complexity (challenges of model generation), ease of model interpretation and robustness of the model in regards
to sensitivity analysis, and scale/size of data. The results reveal that both the Discrete Choice Analysis model and
the C4.5 Decision Tree classification model can be used at different stages of product design and development to
understand and model customer interests and choice behavior. However, the C4.5 Decision Tree may be better suited
in predicting attribute relevance in relation to classifying choice patterns while the Discrete Choice Analysis model is
better suited to quantify the choice share of each customer choice alternative.

Choice modeling through Discrete Choice Analysis (DCA) and classification through Decision Tree (DT) data

mining modeling techniques are becoming well established approaches in the product design community to character-
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ize customer choice behavior. The product design process requires many complex decisions that arise across multiple
disciplines ranging from enterprise driven profit maximization to engineering product design optimization. In real life
product design scenarios, many of these interactions are represented in the form of large-scale, heterogeneous data
often containing great uncertainty through variations in customer preferences. These customer preference variations
present a challenge to product development engineers trying to quantify and incorporate relevant product attributes
into the final product design. In new product development, design engineers may want to predict the choice share
of their brand (in relation to other brands) and understand how the absence or presence of particular attributes influ-
ence customer choice behavior. A quantifiable measure of attribute importance would enable both enterprise decision
makers and design engineers better understand customer preference trends and product functionality demands as they
relate to enterprise profit realization.

In the transportation research domain, several researchers have conducted comparative studies between the Dis-
crete Choice Analysis models (in particular, the multinomial and nested logit models) and data mining classification
models (in particular, the C4.5 Decision Tree classification model) [129, 130, 131, 132, 133]. The focus of these stud-
ies has been to identify choice patterns (i.e., modes of transportation) based primarily on an individual’s behavioral
and demographic information. The findings from the transportation mode studies reveal that the predictive capabil-
ities of both the Discrete Choice Analysis models and the Decision Tree classification models are quite comparable
[130, 131]. Although some distinguishing factors remain between the two techniques such as computation speeds and
ease of interpretability, both techniques can be applied to modeling customers’ transportation choices. In the trans-
portation domain literature however, the choice set that customers are presented with is limited to a few alternatives
and focuses primarily on socio-demographic attributes to predict customer choice behavior [129, 130, 131]. The size
of the data sets used in these studies is also quite manageable when compared to the large scale data sets that have
been used in data mining related product design problems [55].

Research Motivation:

In the product design research domain, no comparative study has been reported between Discrete Choice Analysis
and data mining Decision Tree techniques. This work seeks to investigate the effectiveness of employing Discrete
Choice Analysis and Decision Tree classification to specific product design scenarios involving a wide range of product
design alternatives and heterogeneous customer preference data. As data acquisition and storage capabilities become
less costly, there is a growing trend towards large scale data analysis and knowledge discovery. The increase in
customer preference data may also lead to an increase in the number of attributes and product choice alternatives
being investigated and may result in the curse of dimensionality problem, a situation that results when the performance
of a model significantly diminishes as the dimension of the data set increases. This presents a tremendous design

challenge when trying to identify significant attributes and choice alternatives within a high dimensional data set. It
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is therefore necessary to investigate demand modeling techniques currently being employed in product design and
development in order to understand their future potential in handling large scale customer preference data. Under
this design paradigm, a comparison is made between the well established C4.5 Decision Tree (DT) classification
technique and the Discrete Choice Analysis modeling (DCA) techniques that are so frequently used in the product
design research community [21, 22, 23, 24].

The comparative study between the DCA technique and DT classification technique aims to address several key

research questions:

1. Research Question 1: Model Building Complexity

How much time do design engineers have to spend on customer choice data analysis and model construction?

2. Research Question 2: Model Usage

How do the models differ in terms of the potential usage?

3. Research Question 3: Quantifying Attribute Importance
How do design engineers quantify the relevance of different attributes (physical design attributes as well as

socio-demographic attributes) in the design of next generation products?

4. Research Question 4: Model Scalability
How easily can data sets and attribute dimensions be scaled and what effect does this have on the model integrity

and complexity?

4.6.1 Vehicle Choice: A Comparative Case Study
The Experimental Data Set

A well established data repository of vehicle data developed by the University of California, Irvine is used to study
the effectiveness of the Discrete Choice Analysis and the C4.5 Decision Tree classification techniques in product
design [134]. The particular vehicle data set used in the comparative case study is based on real life data and has been
successfully used by researchers in other fields such as the Computer Science and System Engineering to validate other
unrelated research topics [135, 136, 137]. The selection of this data set for the comparative study was done primarily
due to its relevance to product design related problems (ex. vehicle design) and enables the reader to independently
investigate the findings of this work through the freely accessible University of California, Irvine data repository.
Future research investigations aim to expand on the number of open source product development data sets used in the

analysis in order to strengthen the theoretical findings of the demand modeling comparative study. The choice model
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and decision tree estimated from this data set are intended to demonstrate the features of these techniques and do not

necessarily represent optimal models for use in actual design.

Table 4.8: Physical and performance based attributes for the different vehicle types

’ Attribute Names \ Attribute Values
aspirations std, turbo
num-of-doors four, two
num-of-cylinders two, three, four, five, six, eight, twelve
horsepower continuous from 48hp to 288hp
peak-rpm continuous from 4150-6600
city-mpg continuous from 13-49
highway-mpg continuous from 16-54
price continuous from 5118-45400
body-style hardtop, wagon, sedan, hatchback, convertible

Table 4.9: Socio-demographic based attributes based on consumer identity

’ Attribute Names Attribute Values ‘
annual income continuous from $25,000 to $120,000
age continuous from 21-60
education level high school, college, graduate
marital status single, married
ethnicity 8 distinct categories
gender male, female

Table 4.10: Class variable (response variable) which is the make of a particular vehicle
Attribute Names Attribute Values

class alpha romeo, audi, bmw, chevrolet, dodge,
honda, isuzu, jaguar, mazda, mercedez-benz, mercury, mitsubishi,
nissan, peugot, plymouth, porche, renault, saab,
subaru, toyota, volkswagen, volvo

The vehicle data set has been partitioned into two types of attribute information. First is the vehicle physical
attribute information in Table 4.8 which includes performance and dimension specific attributes. In this multivariate
data set, attributes can be numeric (having either discrete integer values or a continuous numeric range of values)
or nominal (which do not contain an ordering of the attribute values such as the color of a vehicle or name of a
dealership).

The demographic attributes in Table 4.9 make up the second part of the data set and include specific customer
behavioral attributes such as age, marital status, annual income, etc. As with the vehicle physical attributes, demo-
graphic attributes can be either numeric or nominal attributes. The demographic attributes were not part of the original
vehicle data set but were included in the analysis to be more consistent with the Discrete Choice Analysis model. De-

mographic attributes were simulated using MS Excel to reflect natural demographic correlations of customers based
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on online sources investigated by the authors. For example, the simulated code accounted for higher likelihood that an
individual with a higher education level would more likely have a higher annual income as compared to an individual
with a lower education level.

The class variable presented in Table 4.10 can be thought of as the output given a specific attribute combination.
In the vehicle data set used for the comparative study, the vehicle make is what is defined to be the class variable with
class values ranging from Alfa-Romero to Volvo, all of which are nominal values. Therefore for a given combination
of vehicle physical attributes and demographic attributes, a vehicle make is predicted.
Table 4.11 represents a snapshot of the data set wherein a given combination of attributes yields a preference in the
class variable (make of the vehicle selected). Together, the physical vehicle attributes and the demographic attributes

are used to quantify the response variable, vehicle class.

Table 4.11: Snapshot of vehicle data with both physical and demographic attributes, and the class variable (Make)

Aspiration| Number Number of | Horse | Peak | City |Highway| Vehicle | Body | Annual | Age |Education | Marital |Ethnicity [Gender| Make
of doors| Cylinders | Power| RPM [MPG| MPG Price | Style [Income Level Status

stadard 2 4 288| 4900 31 36| 45400 3| 46816| 40|High SchodSingle 8|female |subaru

stadard 4 4 262| 5100 47 53| 41315 3| 66590| 54|Graduate |Married 1|female |chevrolet

stadard 4 4 207| 5000 30 31| 40960 3| 97504| 45|Graduate |Single 2 |male mazda

stadard 2 4 207| 4800 35 39| 37028 3| 90563| 39|College Married 5|male toyota

stadard 2 4 207| 5500 37 41| 36880 3| 25847 38|High SchodSingle 6|female |mitsubishi

4.6.2 Results and Discussion
Product Design Research Questions

Research Question 1: Model Building Complexity
How much time do design engineers have to spend on customer choice data analysis and model construction?
This research question was addressed based on several key measures of complexity. First is the complexity of handing
the raw data set and transforming it into an acceptable form for the Discrete Choice Analysis and C4.5 Decision Tree
classification models. For the DCA model, dummy variables had to be created for each attribute where the ordering
of attribute values was not desired. Fortunately this only had to be done for the body style vehicle attribute to avoid
bias towards one type of vehicle body style (ex. sedan, hatchback, convertible, etc.) over another. In addition to this,
the choice set of each customer has to be defined. In the event that the choice set is non uniform for all customers
within the data set, this may present a great challenge in trying to develop the DCA model. Overall, the computational
time needed to generate the discrete choice model using the Stata (R) software package was approximately 3 seconds
running on an Intel Pentium Duo 2.5 GHz Processor.

For the DT classification model, there was little preprocessing of the raw data set required, however the data set

had to be in a comma separated value (CSV) file format or the ARFF file format to be compatible with the Weka 3.5
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data mining package that was employed in this study [2]. The overall computational time needed to generate the data
mining classification model was approximately 0.08 seconds running on an Intel Pentium Duo 2.5 GHz Processor.
Some factors that may have contributed to the significant disparity between the two demand modeling techniques
may lie in their underlying approach to model development. The DCA model uses the maximum likelihood estimation
to develop the parameters of the model which can be computationally expensive: especially if there exists noticeable
correlations among the attributes. The C4.5 DT model on the other hand is an iterative induction technique that
continues to partition the data set, hence making the information gain ratio calculation less computationally expensive
with each iteration (partitioning of the data set into smaller subsets).
Research Question 2: Model Usage:
How do the models differ in terms of the potential usage?
To address this product design research question, the model prediction results of both the Discrete Choice Analysis
and the C4.5 Decision Tree classification are analyzed for their respective usage. A primary question concerns what
each model is actually predicting/classifying. The DCA model is a probabilistic model which uses a utility function
to predict a given person’s probability of choice of a given alternative as a function of both attributes of the product
and attributes of the person. The DT model is a classifier which classifies a set of alternatives (i.e., classes) based on
attribute values. The DT model determines attributes to be included in the tree based on the information gain, i.e.,
how effective is an attribute in differentiating the alternatives. These two techniques can be compared to determine
the information each provides to the design process, although a direct comparison may not be straightforward. This
is due to the different problem context that each model is used for. However, there have been successful comparisons
of these two approaches in the transportation domain as discussed in the introduction section of this work [129, 130,
131, 132, 133].
The DCA model provides a model which considers the impact of both product and demographic attributes on the

choice process. The model beta parameters are shown in Table 4.12. Such a model allows parametric studies to be
conducted to determine the effects of changing product attributes, changing the target population, or both, on choice

probability and hence choice share for a product of interest.

Because the model is parametric, it can easily be incorporated into an optimization framework to identify the
product design attributes which maximize choice share of a given product, or a more advanced application can be used
to identify product attributes which maximize enterprise level profit for a given target population as discussed again
later in research question 4.

As discussed in the previous section, potential issues with the DCA model are that multicollinearity may inhibit
the inclusion of all desired product or demographic attributes of interest in the model. Also, the MNL suffers from

the Independence of Irrelevant Alternatives (IIA) property, which restricts the overall change in choice share due to
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Table 4.12: Vehicle attribute importance based on beta () coefficients of the Discrete Choice Model
Vehicle Choice Model

Conditional (fixed-e logistic regression Number of obs  1751.00

LR chi2(70) 145.47

Prob > chi2 0.00
Log likelihood = -359 88406 Pseudo R2 0168
Vehicle Attributes |Coefficient| Std Error z P>|z| 95% Confidence Interval
vehicleprice -6.83 243 -2.81 0.005 -11.59 -2.07
numberofdoors -0.65 0.38 -1.74 0.081 -1.39 0.08
numberofcylinders| -5.27 1.85 -2.85 0.004 -8.90 -1.64
horsepower 11.67 2.32 5.03 0 7.12 16.21
peakrpm 0.02 0.72 0.02 0.982 -1.40 1.43
citympg 3.25 1.21 2.69 0.007 0.88 5.61
body-style_2 1.00 0.95 1.06 0.289 -0.85 2.86
body-style_3 063 0.79 08 0.423 -0.92 2.18
body-style_4 0.30 0.83 0.36 0.715 -1.33 1.94
body-style_5 -0.40 0.86 -0.46 0.643 -2.07 1.28

a change in a given attribute. This may result in unrealistic predictions of choice share changes for a given design
change. Another issue with the DCA model is that because it is a parametric model, the underlying assumption is
that the product and demographic attributes follow a standard functional relationship (i.e. linear, quadratic) with the
underlying utility. This may impede its usage in situations in which utility does not follow a well defined functional

relationship with product or demographic attributes.
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Figure 4.5: Visual Representation of C4.5 Decision Tree Model based on demographic attributes alone
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Figure 4.6: Visual Representation of C4.5 Decision Tree Model based on both product attributes and demographic attributes

The C4.5 Decision Tree shown in Figure 4.5 can be used to classify product choices as a function of demographic
attributes and in Figure 4.6 can be used to classify both demographic and product attributes together from the data
mining classification perspective. For example Figure 4.5 reveals that the most significant demographic that influences
vehicle classification is the Education Level that an individual attains. Furthermore, by traversing down the Decision
Tree path in Figure 4.5 (indicated in red), a classification rule is reached that states: If Education Level=Graduate
and Age>49===> Vehicle Class= Toyota. For design engineers designing the next generation of vehicles, this vital
piece of information would enable more customized design features for this specific demographic group. However
there are several noticeable distinctions in the model predictions. For example in Figure 4.6, the most important
attribute in differentiating, or classifying products, is number of cylinders, followed by vehicle price and peak RPM.
Such attributes may or may not be important in the choice process, (as will be described in the next subsection) but
do provide information to design engineers. Therefore knowledge that the vehicles can be differentiated by peak
RPM can lead to a benchmarking study to understand why there is much variation in this attribute, leading to a better
understanding of competitive designs. Although peak RPM may not be a significant choice attribute, it may be found
that peak RPM is correlated with a performance that is important in the choice process through a technical analysis.
Also, decision trees do not require a smooth functional relationship between attributes and choice. As shown in the
Figures 4.5 and 4.6, the decision tree provides a more visual understanding of how choices are classified, which can be

useful for designers who want to better understand how different segments of the population select different products.



The C4.5 Decision Tree built with S can be compared to a parametric Multinomial Logit Regression (MNR) model
built using only S to predict choices. Figure 4.7 gives the histogram results of both the MNR and the C4.5 Decision
Tree. For this given data set of only demographic attributes, the MNR and C4.5 Decision Tree are quite comparable
on most of the vehicle choice predictions, except the Toyota brand which the MNR over predicts and the C4.5 under
predicts. One reason for this disparity may be due to the fact that the Toyota brand is the most frequently occurring
brand within the data set, and each of the models compensates for this brand bias differently. The C4.5 DT tends
to over predict choice alternative more frequently than the DCA. However when the DCA over predicts, it does so
by an extremely significant margin (as is seen with the Toyota brand). This provides tremendous insight as to what
product development scenario each model may be better suited for. For example if consistent minor miscalculations
in a product create significant backlash in the customer market segment, then product development engineers may
opt to employ the DCA model. However if the consequences of having a large disparity between customer wants
and engineering capabilities is high, then product development engineers may decide to employ the DT model instead
which seemed to not over predict by great margins. Similar results (i.e., comparable prediction result) are also observed

in Figure 4.8 when both demographic and product attribute data are considered.

Comparison of Predictive Accuracies:
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Figure 4.7: Histogram of prediction results of the MNR and C4.5 DT models based on demographic attributes alone

Research Question 3: Quantify Attribute Importance

How do design engineers quantify the relevance of different attributes (physical design attributes as well as socio-
demographic attributes) in the design of next generation products?

Both Discrete Choice Analysis and the C4.5 Decision Tree classification employ different techniques to quantify

attribute importance. In regards to the product specific attributes (which in the case study include attributes such
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Figure 4.8: Histogram of prediction results of the MNR and C4.5 DT models based on demographic and product attributes

as horse power, mpg, number of doors, etc.), the DCA model uses the beta coefficients B to represent the level of
significance a particular product attribute has in determining a customer’s utility for a particular vehicle brand.

In the case study, since it is assumed that all vehicle choice alternatives have the same attributes (although they
may have varying degrees of attribute values), the beta coefficient 3 for a given physical vehicle attribute is constant
across all vehicle alternatives. Similar coefficients are calculated for the socio-demographic information, and a utility
function represents significance of these attributes in predicting customer choice behavior of vehicle alternatives.

The C4.5 Decision Tree classification employs a different technique to quantify attribute relevance in product
design and development. Based on the gain ratio criterion defined in equation (4.7), the C4.5 Decision Tree algorithm
tests each attribute and iteratively partitions the data set based on the attribute that maximizes this gain ratio. The
C4.5 Decision Tree structures presented in Figures 4.5 and 4.6 give a visual representation of attribute relevance to
vehicle choice alternatives. The closer the attribute is to the root of the tree (top most point of the tree in Figure 4.5),
the greater the gain ratio calculated for this attribute and hence the greater the attribute relevance to vehicle choice
classifications.

Several attributes in Figure 4.5 appear more than once within the tree due to the fact that continuous attributes are
discretized during the iterative partitioning of the data set and therefore different bounds for a particular attribute may
exist for different branches within the tree.

An interesting comparison can be made between the decision tree built using product and demographic attributes
and the choice model. As noted in the previous sub-section, product and demographic attributes important in the

decision tree are those which are most important in terms of differentiating, and hence classifying, vehicles. Product
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and demographic attributes important in the choice model are those which are important in terms of describing why
people choose different vehicles. It is possible that attributes important in terms of classifying vehicles, such as peak
RPM, are not important in the choice process and vice versa. Table 4.12 reveals that Horsepower is the most important
choice attribute, whereas number of cylinders provided has the highest gain ratio and can be interpreted as being the
most important attribute for classifying vehicles. While there are differences among the rankings of importance of
attributes between the two methods, there is also much agreement. Price, horsepower, city MPG, and number of
cylinders are important to both classifying vehicles as well as describing the choice process. This information is
important to designers as it shows that vehicles do differ significantly on these attributes and they are important to the
choice process. On the other hand, Peak RPM has high relative importance in the decision tree but is insignificant in
the choice model. This tells the designer that peak RPM may be an attribute to study during design from a technical
standpoint since it varies quite a bit among vehicles, but that it is not important in the choice process.

Both the Discrete Choice Analysis and the C4.5 Decision Tree classification techniques provide researchers and
design engineers quantifiable measure of relative attribute importance in predicting product choice alternatives. Al-
though the Discrete Choice Analysis gives more of a quantitative measure (B coefficients) while the C4.5 Decision
Tree gives more of a qualitative measure (the position of the attribute within the tree structure) in the attribute im-
portance context. However in the attribute classification process, the splitting of a quantitative attribute (for example
horse power) in the decision tree can also give a quantitative measure of that specific attribute level.

In terms of model sensitivity, the structure of the C4.5 Decision Tree model in Figure 4.6 can be analyzed in detail.
Traversing down the tree as indicated by the red path, that is, citation{Number of Cylinders = 4, Peak RPM = 5400,
Vehicle Price = $19699, Marital Status=Single}, would result in a classification of Class=Toyota. Therefore for a
design engineer trying to understand the effects of changes in product attributes in relation to customer preference,
the decision tree rule stated above would indicate that as long as the peak RPM was less than 5400 (holding all of
the other attribute values constant), the resulting classification would be the preference of the Toyota brand. As an
enterprise decision maker of Toyota trying to maximize revenue, one would be tempted to decrease the peak RPM of
the vehicle (while holding all other attribute levels constant, hereby possibly reducing the manufacturing costs of the
vehicle). This may be theoretically sound based on the formulation of the C4.5 algorithm itself, however in reality,
reducing the peak RPM of the vehicle beyond a certain lower bound may cause customers to forgo this vehicle brand
altogether (e.g. if the vehicle had a peak RPM below all other customer choice alternatives).

The Discrete Choice Analysis technique approaches sensitivity analysis of attributes in a slightly different manner.
Where the C4.5 Decision Tree generates hard decision rules, the Discrete Choice Analysis model in comparison
updates the probability of choosing a particular brand of vehicles by once again generating a utility function based on

updated attribute values.
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Research Question 4: Model Scalability

How easily can data sets and attribute dimensions be scaled and what effect does this have on the model integrity and
complexity?

The term model scalability used in this work relates to the ease at which the dimensions of the attribute space or the
size of the data can be increased and does not refer to scaling factors that may be used as parameters in different
demand modeling techniques. One of the major challenges of employing the Discrete Choice Analysis model in this
work was the issue of multicollinearity when attempting to minimize the Maximum Likelihood Estimate (MLE). This
is a frequent challenge often occurring in high dimensional data where correlations among attributes may exist more
frequently. Multicollinearity, which is caused by high correlation among the product or customer attributes assumed
to be independent, can cause unstable MLEs and inaccurate variances which may adversely affect the quality of the
generated model [138]. To minimize the bias that may result due to the multicollinearity issues experienced by the
Discrete Choice Analysis model, the attribute dimensions of the original vehicle data set were reduced to a more
manageable size. There are several proposed techniques to minimizing the effects of multicollinearity which include
the aggregation of highly correlated attributes into a newly defined attribute. One of the drawbacks of such an approach
is the ambiguity that results in trying to determine which attribute influences the class variable.

Like many classification based techniques in data mining, one of the fundamental assumptions of the C4.5 Deci-
sion Tree approach is that attributes within the data set are independent. This assumption enables the C4.5 algorithm
to sequentially test each attribute and determine its significance as it relates only to the class variable, overlooking the
interaction effects that may exist among attributes. Although this assumption may seem nave to some, vast empirical
data within the Data Mining community have validated the predictive accuracies of the C4.5 and other similar classi-
fication based approaches on their performance and predicative accuracy as it relates to traditional statistical methods
that do take into account higher order interactions amongst attributes [139, 140]. Therefore, the C4.5 Decision Tree
model is less affected by model scalability (in terms of high dimensionality attribute space) compared to the DCA

model and may be more suitable for product development efforts involving high dimensional customer attribute data.

Relation to Transportation Domain Research

In comparison to the research findings in the transportation domain, issues of multicollinearity were not reported,
one reason perhaps being the lower dimensionality attribute data used in that study in addition to the smaller choice
alternative set investigated (5 choice alternatives in the transportation domain research, compared to 22 choice alterna-
tive is the product development study presented in this work). In addition to this difference, the transportation domain
research focused only on customer demographic attributes (age, gender, household income, etc.) while the product

development comparative study presented in this work included both customer demographic attributes (age, gender,
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Table 4.13: Summary of the DCA and C4.5 DT techniques

Model |Model Generation |Attribute Dimensionality |Ease of Model|Interpretability |Data Size
Complexity Limitations Construction
Straightforward Co-linearity issues in Small to
DCA and Efficient calculating MLE Moderate Utility Function |medium
Straightforward Requires entire data set to Decision Tree Medium to
DT and Efficient fit into main memaory Moderate model large

household income, etc.) as well as physical/performance product attributes (vehicle horsepower, MPG, vehicle body
type, etc). The inclusion of physical product attributes in this work enhanced the understanding of the difference

between the DCA and DT models in their predictive capabilities and model interpretation.

4.6.3 Summary and Conclusion

The overall research findings from the comparative study of the Discrete Choice Analysis (DCA) and C4.5 Decision
Tree (DT) Classification approaches are summarized in Table 4.13 above. Both of the techniques are quite efficient in
model generation (i.e., computation time). In terms of attribute dimensionality, several challenges due were encoun-
tered due to multicollinearity in the DCA model generation while the DT is constrained to the memory capabilities.
Both methods are quite straightforward to implement.

The DCA models used in this work were generated using the Stata§package while the DT model was generated
using Weka 3.5.1. The DCA generates a predictive model based on a given utility function that can be easily interpreted
by design engineers and embedded in an optimization model. DT however presents a visual model that is mainly
classification and qualitative in nature. The data set used in this case study can be considered small to medium
scale (205 instances with 10 attributes and one classifier variable). For large scale data, DCA may experience some
challenges with multicollinearity as discussed in section 5. The comparative study will be expanded to include a
more diverse set of product development data sets (stated VS revealed preference data, large VS small data sets, high
dimensional VS low dimensional attribute space, etc.) so as to present a more robust and generalized summary of the

relevance of DCA and DT in product development.

In summary, two well established choice modeling techniques were presented in order to investigate their ability
to quantify and classify customer choice behavior as it relates to product design and development. Real life vehicle
choice data (revealed preference data) was used to compare the two techniques and present recommendations relating
to product design. Each approach has its strengths and weaknesses ranging from computational complexity to model
interpretability. Overall, both the Discrete Choice Analysis and the C4.5 Decision Tree can be used to model customer

choice behavior in product design. However, the C4.5 Decision Tree may be better suited in predicting attribute
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relevance in relation to classifying choice patterns while the Discrete Choice Analysis model is better suited to quantify
the choice share of each customer choice alternative. Because the decision tree provides a visual representation of the
classification process, it provides a useful tool for both quantitatively and qualitatively understanding how customers
of different demographic attributes select vehicles and how products are differentiated. The choice model does not
provide a visual representation, but provides an understanding of how both product and customer attributes influence
the choice process. It is hoped that the findings in this work will serve as a guide to enterprise decision makers and

engineers investigating efficient approaches to demand modeling and product design and development.
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Chapter 5

Trend Mining for Predictive Product Design

5.1 Trend Mining Methodology

The ability to model emerging trends has broad applicability in product development, ranging from researching and
developing new product technologies to quantifying changes in consumer preferences in highly volatile markets. Tra-
ditional demand modeling techniques frequently employed in the product design community typically generate pre-
dictive models using data from a single snapshot in time (usually the most currently available data set) and hence
may not reflect the evolving nature of product trends. The absence of a temporal demand model for product design
presents a challenge to design engineers trying to determine the relevant product attributes to include/exclude in the
next generation of products.

The Preference Trend Mining (PTM) algorithm that is proposed in this chapter aims to address some fundamental
challenges of current demand modeling techniques being employed in the product design community. The first contri-
bution is a multistage predictive modeling approach that captures changes in consumer preferences (as they relate to
product design) over time, hereby enabling design engineers to anticipate next generation product features before they
become mainstream/unimportant. Because consumer preferences may exhibit monotonically increasing or decreasing,
seasonal or unobservable trends, a statistical trend detection technique is employed to help detect time series attribute
patterns. A time series exponential smoothing technique is then used to forecast future attribute trend patterns and
generate a demand model that reflects emerging product preferences over time.

The second contribution of this chapter is a novel classification scheme for attributes that have low predictive power
and hence may be omitted from a predictive model. Such attributes can be classified as either standard, nonstandard
or obsolete with the appropriate classification given, based on the time series entropy values that an attribute exhibits.
By modeling attribute irrelevance, design engineers can determine when to retire certain product features (deemed
obsolete) or incorporate others into the actual product architecture (standard) while developing modules for those
attributes exhibiting inconsistent patterns throughout time (nonstandard). Several time series data sets from the UC
Irvine machine learning repository are used to validate the proposed Preference Trend Mining model and compare it

to traditional demand modeling techniques for predictive accuracy and ease of model generation.
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Figure 5.1: Overall Flow of Preference Trend Mining Methodology

Limitations of Current Demand Modeling Techniques

A recent comparative study in the product design community between the Discrete Choice Analysis and Decision Tree
Classification models reveals that both techniques are quite comparable in terms of model generation and predictive
accuracy. However the Decision Tree Classification model was found to be better suited for large scale data analysis
due to multicollinearity issues reported while employing DCA for high dimensional data [141]. Nevertheless both
demand modeling techniques are limited in their ability to characterize evolving product preference trends in the
market space due to the static nature of the models. Because the input of each model typically represents an instant
in time, design engineers are faced with the challenge of anticipating shifts in product preferences based on personal
experience, rather than quantitative customer feedback. To overcome these challenges the Preference Trend Mining

algorithm is introduced in the following section.

5.2 Methodology

Figure 5.1 presents the overall flow of the Preference Trend Mining algorithm, starting with the acquisition of n time-
stamped data sets. For each time step, the Interestingness Measure (IM) is calculated for each attribute. There have
been many proposed measures for evaluating attribute interestingness (relevance) such as the information gain metric,
gini index, Cosine measure, Support measure, Confidence measure, to name but a few [128, 142]. In this work, the

definition of attribute interestingness is limited to an attribute’s ability to reduce the non-homogeneity of the class
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Figure 5.2: Attribute-class distributions over time (attribute al,1 is highlighted although both attribute patterns change over time)

variable. In section 5.2.2, the inconsistencies that exist among different definitions of relevance are highlighted while
proposing an approach to mitigate these inconsistencies by evaluating attribute interestingness through time. That is,
an attribute that is truly relevant, will have consistently high relevance scores throughout time and vice versa.

For each time step in Figure 5.2, the IM for each attribute is calculated and a seasonal time series predictive model
is then employed to forecast the trend patterns (monotonically increasing, decreasing or seasonal trend patterns) for
each attribute. The attribute with the highest predicted IM is selected as the split attribute for the future (unseen) time
period and all time stamped data sets are partitioned based on the unique values of this attribute. The process continues
until a homogenous class value exists in the model. The flow diagram in Figure 5.1 ends with the classification of
attributes (as either obsolete, standard and nonstandard) that are omitted from the resulting model.

The following sections of the paper will expound on the steps of the flow diagram in Figure 5.1.

5.2.1 Discovering Emerging Trends For Product Design

Trends within a data set can be characterized as monotonically increasing or decreasing, seasonal (where data
exhibits some type of cyclical behavior) or both. There may also be instances where the time series data set exhibits no
type of discernable pattern suitable for statistical modeling. In the context of product design, each of these preference
trend scenarios are considered in the proposed methodology. The time series data set represented in Figure 5.2 will be
used to illustrate the notion of attribute trends within a raw data set. Figure 5.2 comprises of 5 time periods. Attribute
1 comprises of two unique values {a; ;, a2} and similarly for Attribute 2 {a 1, az2}. The last column in Figure
5.2 represents the class (dependent) variable which has 5 mutually exclusive outcomes {cj,c2,¢3,¢4,¢5}. As can be
observed from time periods #; to ¢s, the number of instances of Attribute 1’s value a; | increases from 2 at time period
t1 to 6 at time period #5. Looking closer at the square graphs in Figure 5.2, it can be observed that at time period 71,

although Attribute 1’s a1 value only has a total count of 2, it represents a homogenous distribution of class value ¢
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Figure 5.3: Characterizing Attribute Preference Trend Over Time

(lower left quadrant in time period #1). Moving through time to time step s, it can be observed that the same attribute
value a1 has a count of 6 but with a non-homogeneous distribution of the class variable (the lower left quadrant in
time series t5 has a mixture of ¢y, ¢ and c¢3). The change in the predictive power of each attribute can be quantified
by calculating the attribute Interestingness Measure (IM) over time which in this case is the Gain Ratio. Figure 5.3
presents a visual representation of each attribute Gain Ratio over time. In Figure 5.3, although Attribute 1 starts out
with a higher Gain Ratio (predictive power) than Attribute 2, by time period 4, Attribute 2 has over taken Attribute 1 in
relevance to the class variable. If a predictive model had been generated at time period 3, the emerging preference trend
of Attribute 2 would not have been realized. To overcome these challenges, the Holt Winters exponential smoothing
technique is employed which uses a weighted averaging technique, taking into account the local level, the trend, and

the seasonal components of the time series data [143, 144].

Holt-Winters Exponential Smoothing

The Holt-Winters Exponential Smoothing is a non-parametric model that can be used to forecast each attribute’s
predictive power for the k' step ahead so that emerging preference trends can be anticipated in the market space.
Non parametric statistical tests may be preferred in machine learning scenarios due to the relaxation of the normality
assumption that many parametric statistical trend tests require [145]. Since no prior knowledge of the distribution of
the incoming data is assumed, a relaxation of the data normality constraint is preferred. The (k) step-ahead forecasting

model is defined as:

)/’;(k) = Lt "rth +Itfs+k (5~1)
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where

Level L; (the level component):

Lt ZOL(y,—I;_S)-I—(I—OC)(L,_l-I-T,_]) (52)

Trend 7; (the slope component):

T =YL — L)+ (1 =7)T— (5.3)

Season /; (the seasonal component):

I =0(y; — L) + (1 =) 11— 5.4)

Here,
e y;: Represents the data point at the most recent time period (t).
e 7,(k): Represents the k' time step ahead forecasted value beyond y; (Le..3; (k)= y; 1)
e s: Represents the frequency of the seasonality (monthly, quarterly, yearly, etc.).

The smoothing parameters .,Y,0 are in the range {0,1} and are estimated by minimizing the sum of squared errors
for one time step ahead [143, 144].

Several well established statistical techniques (both parametric and nonparametric) exist for modeling time series
data including the Seasonal-Trend decomposition procedure based on Loess regression (STL), variations of the Box-
Jenkins models which include the AutoRegressive Moving Average (ARMA) and AutoRegressive Integrated Moving
Average (ARIMA), to name but a few [146, 147]. Research studies on the predictive accuracies of these models reveal
no conclusive evidence to suggest one model being superior for all data structures [147].

Based on the results in Figure 5.3, it can be observed that Attribute 2 would be selected as the relevant attribute
in time period 6 (since at each iteration, the attribute with the highest Gain Ratio is always selected). Under the Gain
Ratio definition of attribute relevance, Attribute 1 would now be considered irrelevant at iteration 1 of the decision tree
induction algorithm. Based on the irrelevance characterizations presented in section 5.2.2, Attribute 1 could either be
an obsolete attribute, a nonstandard attribute or a standard attribute. In order to determine the assignment of Attribute
1, the temporal behavior of each mutually exclusive value of Attribute 1 (a1, and a;>) needs to be determined. The

following section details the proposed attribute quantification methodology.
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Figure 5.4: Example Decision Tree Result for Product Design

5.2.2 Quantifying Attribute Relevance

One of the major challenges in predictive model generation is understanding the design implications of the resulting
model in terms of attribute relevance or irrelevance. To understand some of the challenges that arise in demand models,
the following example is presented.

A set of attributes {Aj,..., As } is defined, each with a set of mutually exclusive outcomes a; j, where i corresponds
to the specific attribute A; and j corresponds to the attribute value. For simplicity, it is assumed that j = 2 for all
attributes. A class variable is also defined that is conditionally dependent on one or several of the defined attributes.
The class variable is also binary with values {c; , ¢3 }.

Figure 5.4 is a visual representation of a resulting data mining decision tree structure employing the Gain Ratio
metric described in section 4.1.2. The following decision rules can be obtained by traversing down each unique path
of the tree in Figure 5.4.

1. IF A2=a271 AND A5=a5_,1 THEN Class:cl
2. IF Ay=az; AND As=as, AND As=a3 | THEN Class=c
3. IF A2=a2‘1 AND A5=a572 AND A3=a3_’2 THEN ClaSS=Cz

4. TIF A2=a272 THEN Class=cz
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Looking at the four decision rules above, it can be observed that attributes A; and A4 are not part of the model.

Some immediate questions arise based on these findings:

1. What does the absence of attributes A; and A4 tell design engineers about their relevance to future product

designs?
2. How long into the future will the current decision rules be (i.e., maintain high predictive capability) valid?

3. Are there any emerging attribute trends that are not represented by the decision tree that may be useful to design

engineers?

Table 5.1: Attribute Characterization based on Attribute Definition
| Attribute [ D1 [ D2 [ D3 [ D4 [ D5 |

Attribute 1 X X
Attribute 2 X X X
Attribute 3 X X X
Attribute 4 X X
Attribute 5 X X X X

Before addressing the research questions regarding attribute relevance/ irrelevance, several well established defi-

nitions of attribute relevance that exist in the literature are introduced [148, 149].

o Definition 1: An attribute A; is said to be relevant to a concept (decision rule) C if A; appears in every Boolean

formula that represents C and irrelevant otherwise.

o Definition 2: A; is relevant iff there exists some attribute value a;; and class value c; for which p(A;=a;;)>0

such that p(Class=c,~|A,-=a,~j)7ép(Class=c,~).

o Definition 3: A; is relevant if each unique value varies systematically with category (class) membership

o Definition 4: A; is relevant iff there exists some a;;j, c;, and s; for which p(A;=a;;)>0 such that

p(Class=c;,Si=si|Ai=aij)#p(Class=c;,Si=s;) , where S; represents the set of all attributes not including A;.

o Definition 5 A; is strongly relevant iff there exists some a;j, ¢; and s; for which p(A;=a;;,S;=s;)>0 such that

p(Class=ci|Ai=a;;,Si=si) #p(Class=c; | S;=s;).
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Based on the results from Table 5.1, there exists the possibility that an attribute evaluation metric may omit relevant
attributes in the model due to inconsistencies in how attribute relevance is defined [148]. For design engineers, omitting
a key attribute due to an irrelevance characterization could mean the subsequent failure of a product as customer needs
may not be fully captured. These inconsistencies in attribute characterization are minimized by looking at the problem
from a time series perspective. That is, attributes that are truly relevant to a product design should consistently show
up in the predictive models through many time steps and attributes that are indeed irrelevant to a product design would
remain absent in the predictive model over time.

The next section relates the concepts of attribute relevance to product design where the definition of attribute
relevance/irrelevance is expanded to aid design engineers determine when to include or exclude certain attributes for

next generation product design.

5.2.3 Characterizing Attribute Irrelevance in Product Design

For design engineers, determining how attributes within a given data set influence future consumer purchasing de-
cisions is paramount and could mean the market success or failure of a new product. The definitions of attribute
relevance presented in the previous section may not capture all of the concepts relating to product design. For exam-
ple, the results in the decision tree in Figure 5.4 reveal that attributes A; and A4 are not part of the decision tree and
are therefore considered irrelevant based on the pertaining definitions of attribute relevance presented in section 5.2.2.
That is, their inclusion/exclusion does not significantly influence the values of the class variable. Should attributes A
and A4 therefore be omitted from future product designs and if so, what consequences would this have in the consumer

market space?

To address these issues in product design, several subcategories of attribute irrelevance are proposed, with the goal of

ensuring that vital attributes are not omitted from a product design simply based on an irrelevance characterization.

1. Obsolete Attribute (OA): An attribute A; is defined as obsolete if it has been deemed irrelevant at iteration j
(given time periods t1,....,,;,) and its inclusion/exclusion over time does not systematically influence the values
of a class variable. The measure of systematic influence is determined by the time series entropy trend of A;.
If A; exhibits a monotonically increasing entropy trend (determined by the Mann-Kendall trend detection test
introduced in Section 5.2.3), then this indicates that attribute A; is consistently losing predictive power over
time. If an attribute falls under this classification at the end of a given time series, it can be omitted from the

next generation product designs as seen in Figure 5.5.

2. Standard Attribute (SA): An attribute A; is defined as standard if it has been deemed irrelevant at iteration

J (given time periods fi,....t;) and its inclusion/exclusion over time systematically influences the values of a
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Figure 5.5: Product Design Implications of Attribute Irrelevance Classification

class variable. As with the previous definition, the measure of systematic influence will be quantified based on
the time series entropy trend of A;. If A; exhibits a monotonically decreasing entropy trend (determined by the
Mann-Kendall trend detection test introduced in Section 5.2.3), then this indicates that attribute A; is consistently
gaining predictive power over time (despite its initial irrelevant characterization). If an attribute falls under this
classification at the end of a given time series, it should be considered vital to a product design, despite its
seemingly irrelevant characterization as seen in Figure 5.5. An example of such an attribute would be an airbag
in an automobile. Since almost every vehicle is now equipped with an airbag, customers may not consider this
attribute while making a vehicle purchase because it is assumed to be a standard to the vehicle. If however the

airbag were removed from the vehicle design, this may significantly alter a customer’s purchasing decision.

3. Nonstandard Attribute (NA): An attribute A; is defined as nonstandard if it has been deemed irrelevant at it-
eration j (given time periods 71,...,t,,), and its inclusion/exclusion does not reveal a discernible relation to the
class variable. This is determined by the absence of a monotonically increasing or decreasing entropy trend as
determined by the Mann-Kendall trend detection test introduced in Section 5.2.3. Attributes that may exhibit
this type of behavior in product design may be novel attributes that consumers may not yet fully be aware of or
existing attributes that have variations within the market space. Such attributes should not be overlooked and
may either turn out to be a short term consumer hype or may eventually become standard expectations. Conse-
quently, modular components should be designed for attributes exhibiting this type of pattern (as seen in Figure

5.5) as these modules can be upgraded or eliminated all together based on future market demands.

110



Mann-Kendall Trend Detection

To detect trends for each Attribute A; that has been deemed irrelevant at iteration j, the non parametric Mann-Kendall
statistic is employed [150, 151]. The Mann Kendall trend test does not provide the algorithm with the magnitude of
the trend, if one is detected. Rather, it simply quantifies the presence/absence of a trend which is all that is needed to

classify each attribute within the data set. The Mann Kendall test is based on the statistic S defined as [145]:

n—=1 n
S= Z sgn(x;j —x;) (5.5)
i=1 j=i+1
Here
e n represents the total number of time series data points.

e x; represents the data point one time step ahead.

e x; represents the current data point.

sgn = 0 if ()Cj —x,-) =0 (5.6)
The corresponding Kendall’s Tau is related to the S statistic as follows:

S

T=7——
sn(n—1)

5.7

The null hypothesis is that there is no trend within the data. Therefore, if the resulting p-value is less than the

significance level (0=0.05), the null hypothesis is rejected and a positive (positive T) or negative (negative T) trend is

assumed.

The characterization of attribute irrelevance (as either obsolete, nonstandard or standard) is determined by looking
beyond a single data set and generating models based on multiple time steps that quantify attribute relevance/irrelevance
over time. Given a time series data set #| to f, as illustrated in Figure 5.6, each data set from ¢; to f, is analyzed and
based on the Gain Ratio relevance definition, the test attribute A; is characterized as either relevant or irrelevant at
iteration j. If an attribute is deemed irrelevant, the Mann Kendall test is then employed to analyze the histories of each

attribute entropy value from #; to #,. An attribute value exhibiting increasing predictive power (lower entropy) over
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Iteration 1 obsolete
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{t bt ) standard
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Iteration m obsolete
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{t,t,.t.) standard
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Figure 5.6: Attribute (A;) characterization (relevant and irrelevant categorization) from iteration 1 to iteration m (each iteration
contains a total of n time series data sets).

time would be deemed potentially useful in future iterations. The resulting characterization of the predictive model
generated in time period #,| will therefore assign an attribute irrelevance characterization based on the trends of the
historical entropy data.

Each of the attribute irrelevance definitions will be represented as a binary variable; 1 implies that an attribute is
characterized as either Obsolete (OA), Nonstandard (NS) or Standard (SA) at a given iteration j and 0, otherwise. At
each iteration, an attribute deemed irrelevant can only assume one of the 3 possible irrelevant characterizations. The
final classification of an irrelevant attribute is assigned after the final iteration m. The final iteration m is reached after a
homogeneous class distribution is attained for one of the subsets of the data (a leaf node in the decision tree structure).

A variable is defined for each irrelevant characterization (OA;—1,... 5, NSi=1,....n, SAi=1,...,,) and its value, determined

by summing across all iterations (j=1,...,m) as described below:

m T:
OAimi,.n = Y OAj- = (5.8)
j=1
m T
NSi=t..n = Y NSj-Z (5.9)
j=1
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m T/
SAi=i..n = ZSA]w?' (5.10)

Here,
e T;: represents the number of data instances used to calculate the Gain Ratio statistics at iteration j.
e T': represents the total number of data instances in the entire data set.

Atiteration j, each attribute characterization is weighted based on the the proportion (7;/T') of instances. Therefore
the initial characterization at iteration 1 (containing the entire data set) carries the most weight due to the presence of
all instances of the data. The classification of an attribute at time step £, is determined by selecting the irrelevant

characterization with the highest variable value ((OA;1,...n, NSi=1,...n, SAt=1,...»)). Given time steps #1,...t,,, the pseudo

code for the irrelevant attribute characterization for Attribute A; is as follows:

1. Start: Iteration j=1

2. If predicted Gain Ratio of Attribute A; is not the highest, Attribute A;

is considered irrelevant
3. Employ Mann Kendall (MK) trend test for Attribute A;
4. If MK T is negative (with p-value < alpha), irrelevant classification=Standard
5. Else If MK T is positive (with p-value < alpha), irrelevant classification=Obsolete

6. Else If MK T is positive/negative (with p-value > alpha),

irrelevant classification=Nonstandard
7. While data set/subset does not contain a homogeneous class

8. Split the data set into subsets based on the number of mutually exclusive values of

the attribute with the highest Gain Ratio from Step 2
9. j=j+1 and revert to Step 2 for each data subset

10. End Tree, Classify Irrelevant Attribute A; based on highest variable value

((OA;=1

nr SAt:l,...,n) )
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Figure 5.7: Time Series Gain Ratio at iteration 1 (Period 1-12 with Period 13 predicted by employing the Holt Winters predictive
model)

Product Concept Demand Modeling

Once the time series decision tree model has been generated and irrelevant attributes characterized, a fundamental
question that still remains is how to estimate the demand for the resulting product concepts (unique attribute combi-
nations). For example, the resulting product concept {Hard Drive=16GB, Interface=Slider, Price=$179} in the left
branch of Figure 5.9, enterprise decision makers would want to know the overall market demand for this particular
product so that potential product launch decisions can be made. With a traditional decision tree model (using a static
data set for model generation), the demand for this particular product concept will be a subset of the original training
data set used to generate the model (7,,/T, where T,, denotes the number of supporting data instances after m itera-
tions/data partitions) [29]. This is analogous to a product’s choice share (Discrete Choice Analysis case) which has
been used extensively by researchers in the design community to estimate product demand [141, 152, 153]. Since
the proposed Trend Mining algorithm is making predictions about future product designs, the demand for a resulting
product concept is estimated based on the time series trend of the supporting instances 7, using the Holt-Winters
forecasting approach presented in section 5.2.1. This will enable design engineers to anticipate future product demand

for the predicted trend mining model.
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5.3 Product Design Example

5.3.1 Cell Phone Design Study

To validate the proposed trend mining methodology, several well known data sets (from the UC Irvine machine learning
repository) are tested to compare the results of the proposed Preference Trend Mining algorithm with traditional
demand modeling techniques. For conciseness, a detailed explanation of the cell phone case study is presented while
only providing the results for the remaining data sets used in the evaluation. The original cell phone case study was
based on a University of Illinois online survey of cell phone attribute preferences originally created using the UITUC
webtools interface [55, 29]. To accommodate the time series nature of the proposed methodology, the product design
scenario is presented as follows:

Enterprise decision makers within a cell phone company are looking to launch their next generation cell phone
early in the first quarter of 2010. To guide their product design decisions, 12 data sets (representing monthly customer
preference data for fiscal year 2009) are available through online customer feedback. Based on the time series data,
design engineers want to integrate customer preferences directly into the next generation product design. The goal of
the new cell phone project is for the functionality of the next generation cell phone design to anticipate the preferences
of the customers at the time of product launch; preferences that are constantly evolving within the market space.

For each monthly data set, there are 6 product attributes and 1 dependent variable. There are a total of 12,000 in-
stances (customer response) for the entire 12 month time period, partitioned into 1000 instances of customer feedback

per month. The attributes, along with their corresponding values are as follows:

e Hard Drive: {8 GB, 16 GB, 32 GB}

Talk Time: {3 Hours, 5 Hours, 7 Hours}

Camera: {2.0 MP, 3.1 MP, 5.0 MP}

Interface: {Flip Phone, Slider Phone, Touch Screen Phone}

Connectivity: {Bluetooth, Wifi}

2G Processor: {Limited, Capable}

The class variable is the price category of the given cell phone design within the time series data: Price: {$99, $149,
$179, $199, $249}.

The structure of the data is similar to that presented in Figure 5.2 with the attribute names indicated by the first
row of each column (except for the last column which represents the class variable, price). In the time series data, the

distribution of the attributes as well as the class values associated with each attribute value changes over time.
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Up until now, demand modeling in product design had focused on utilizing the most recent data set to generate
predictive models about future customer behavior. The research findings presented in section 5.4 reveal that such
techniques may not fully capture emerging consumer preference trends and may ultimately mislead future product

design decisions.

5.4 Results and Discussion

The results of the cell phone case study introduced in section 5.3 provide valuable insight into the challenges of
designing products for volatile consumer markets. To begin, the time series Gain Ratio statistics for each attribute
(at iteration 1) shown in Figure 5.7 is presented. In the proposed trend mining methodology the algorithm takes into
consideration all possible scenarios for the attribute Gain Ratio statistics over time. The algorithm captures attributes
that display a monotonically increasing or decreasing trend, a seasonal trend or no trend at all which is model using the
Holt Winters technique presented in section 5.2.1. Based on the level of seasonality or trend within the data, the one
time step ahead predictions (period 13) are modeled. At period 12 in Figure 5.7, it can be observed that the Interface
attribute has a higher Gain Ratio than the Hard Drive. However, based on the emerging trends of these two attributes,
it can be observed that the Hard Drive attribute will have a higher Gain Ratio in future time periods, which the Holt

Winters model predicts in time period 13.

Cnterface>

Flip Phone Slider Touch Screen
S
BIuetooth Wifi 20MP 5.0MP 3.1MP
$149 }79 $179/ $|249 \5199

Figure 5.8: Decision Tree Model using Period 12, 2009 data set only for model generation(results attained using Weka 3.6.1 [2])

New design insights obtained by preference trend mining In order to understand the product design implications
of these findings, Figure 5.8 presents the predictive model results that are generated using the most recent data set

(period 12). In Figure 5.8, the only relevant attributes to the price variable are: Interface, Connectivity and Camera,
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16 GB 32GB 8 GB
Slider Touch Screen 5 Hours 3 Hours

Wifi Bluetooth

[s179 | [ 199 ]
Tree Path Relevant Attributes Price Demand Irrelevance Characterization
(right to left)
1 Hard Drive, Talk Time $99 180 Camera 2G Processor, Connectivity Interface
2 Hard Drive, Talk Time $149 362 2G Processor, Connectivity Interface,
Camera

3 Hard Drive $249 73 Talk Time, Camera | 2G Processor, Connectivity Interface
4 Hard Drive, Interface $199 412 Talk Time, Camera | 2G Processor

Connectivity
5 Hard Drive, Interface $179 99 Talk Time, Camera | 2G Processor

Connectivity
6 Hard Drive, Interface $179 208 Talk Time, Camera | 2G Processor, Connectivity

Figure 5.9: Trend Mining Model using Periods 1-12, 2009 data for model generation (results attained using ESOL developed Java
Based PTM code compatible with Weka [2])

with the associated decision rules acquired by traversing down the appropriate paths of the decision tree. In contrast,
when the proposed time series Preference Trend Mining algorithm is employed using the data from periods 1-12,
there are noticeable differences in the resulting attributes that are considered relevant (Figure 5.9). From the resulting
decision trees in Figures 5.8 and 5.9, it can be observed that the common attributes between the two models are the
Interface and Connectivity attributes. However, even with the Interface attribute being common between the two
models, it can be observed that the Flip Phone interface design found in Figure 5.8 is not included in Figure 5.9,
providing engineers with the knowledge that this particular attribute value is not desired in future time periods. Given
the differences between these two decision tree structures, entirely different product design decisions may result to

address the needs of the market.

Furthermore, for those attributes that are considered irrelevant to the classification of price (and are therefore
omitted from the decision tree model in Figures 5.8 and 5.9), design engineers have no direct way of deciding whether

these attributes should be omitted from all future cell phone designs. As a reminder, an irrelevant attribute simply
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Figure 5.10: Time Series Attribute Entropy values for irrelevance characterization

Table 5.2: Comparison of predictive accuracies between the PTM and DT models using Time Series Data

Predictive Model Model Validation Characteristics

Data set # Attributes #Instances/Period | # Periods to Train # Periods to Test Higher % Accuracy P-Value

PTM Car Evaluation 7 1728 24 12 X 0.00507
DT

PTM Cylinder Bands 10 540 36 24 X 0.00007
DT

’ PTM ‘ Automobile Brand ‘ 9 ‘ 205 ‘ 24 ‘ 12 ‘ X ‘ 0.00008 ‘

DT

means that at iteration j, an attribute does not have the highest Gain Ratio, not necessarily that it does not have any
predictive power whatsoever, as illustrated in Figure 5.7. At iteration 1, since the PTM algorithm predicts that the
Hard Drive attribute will have the highest Gain Ratio at time period 13 (see Figure 5.7), the remaining attributes
are characterized as either obsolete, nonstandard or standard. The entropy histories along with the results from the
Mann Kendall trend test in Figure 5.10 indicate that the 2G Processor is characterized as obsolete (positive T values
and p value within tolerance limit) while the remaining attributes are characterized as Nonstandard (due to p values
exceeding the tolerance limit). After subsequent iterations of the PTM algorithm, the attributes that do not show up
in the tree are therefore classified as shown in Figure 5.9, with the accompanying demand (# supporting predicted

instances) accompanying each branch of the tree.

5.4.1 Model Validation

In addition to the structural differences of the resulting decision tree models, there are also noticeable differences
in the predictive accuracies. Figure 5.11 presents the predictive accuracy results between the proposed Preference
Trend Mining (PTM) model and the traditional Decision Tree (DT) classification model. The predictive accuracies
are calculated using 12 monthly data sets from 2010. For each instance in a given monthly data set, the attribute
combinations resulting in a class value are tested against the decision tree predictions by traversing down the path of

the decision trees in Figures 5.8 and 5.9. If the class value predicted by the decision tree model matches the actual
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Figure 5.11: Comparison of predictive accuracies between the PTM and DT models (using 12 unseen time stamped data from
2010 [2])

class value in the monthly data set, a value is incremented in the correct predictions category, otherwise a value is
incremented in the incorrect predictions category. The summary predictive accuracies in Figure 5.11 reveal that the
PTM model attains a higher predictive accuracy for many of the time periods, compared to the DT model.

To obtain a statistically valid conclusion on the predictive accuracies of the two models, the Wilcoxon signed rank
test is employed which has been proposed in the data mining/machine learning literature as a suitable approach for
comparing two models against multiple data sets [154, 34]. The null hypothesis of the test is that the median difference
between the two model accuracies is zero. The alternate hypothesis is that the accuracy of the DT model is less than
that of the PTM model. Using a significance level of a=0.05, the null hypothesis (data in Figure 5.11) is rejected with
a p value of 0.0224, providing statistical evidence that the accuracy of the PTM algorithm exceeds that of the DT for
the Cell Phone data set. It can be seen that the predictive accuracy of both models diminishes over time with values
slightly above 50 % in period 12. The PTM accuracy may be enhanced in future time periods by changing the k value
of the k-ahead time predictions from 1 (in the cell phone model) to 12.

Additional data sets from the UC Irvine machine learning repository were generated and tested against the two
models for model accuracy with varying data set conditions (attribute space, number of instances, number of time
periods, etc.) with the results presented in Table 5.2. The results from Table 5.2 emphasize the robustness of the

proposed PTM algorithm in handling different types of time series data while still maintaining greater predictive
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accuracies, compared to the traditional decision tree model. Due to the variation in data set structure, size, etc., it
is rare for an algorithm to outperform on every metric of performance [155]. Therefore, the proposed PTM model
is well suited for data sets that exhibit monotonically increasing/decreasing or seasonal trends similar to the test
data sets presented. In scenarios where no discernable trends exist in the data set, the PTM algorithm was found to
perform comparable to traditional demand modeling techniques which should not be surprising, given the underlying

formulation of the proposed PTM algorithm.

5.5 Conclusion and Path Forward

The major contribution of this research is to propose a machine learning model that captures emerging customer
preference trends within the market space. Using time series customer preference data, a time series exponential
smoothing technique is employed that is then used to forecast future attribute trend patterns and generate a demand
model that reflects emerging product preferences over time. The Mann Kendall statistical trend detection technique is
then used to test for attribute trends over time. An attribute irrelevance characterization technique is also introduced
to serve as a guide for design engineers trying to determine how the classified attributes are deemed irrelevant by the
predictive model. The insights gained from the preference trend mining model will enable engineers to anticipate
future product designs by more adequately satisfying customer needs. Future work in customer preference trend

mining will include expanding the current approach to handle the continuous attribute and class domain.
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Chapter 6

Capturing Product Preference Trends Using
Publicly Available Customer Review Data

6.1 Introduction

A major challenge that has plagued the product design community has been the lack of large scale, realistic cus-
tomer data to validate proposed product design methodologies or solve complex design problems. More than often
researchers and design engineers resort to conducting customer surveys or focus group interviews that can be costly
and time consuming. Recent research studies have shown that a major online retail company can have as many as
10 million active product reviews while it has been reported that more than 50% of online customers indicated that
customer reviews played an important role in influencing their purchasing decisions. Based on these findings, the
authors of this work have developed a publicly available online interface (www.trendminingdesign.com) built upon an
automated computer exploration algorithm that captures and stores time series product preference data. The goal of
this research is to enhance the design creativity process by providing design engineers with direct access to large scale,

time series customer preference data that can be used to guide the product concept generation process.

The rapid expansion of internet usage, both domestically and globally, is helping fuel an increasing flow of infor-
mation across many barriers. Technological successes such as Wikipedia, Facebook(®), Twitter(R), etc., are giving users
a sense of empowerment in their ability to create and shape knowledge and information flow. These user-propelled net-
works have been referred to as digitized word of mouth networks that harness the true power of human communication
[156].

Online customer reviews are becoming a viable source of large scale product review data. A recent research study
found that Amazon.com had over 10 million active customer reviews on all product categories [157]. A study by
Forrester Research reported that 50% of customers who visited retailer sites with customer review feedback indicated
that customer reviews were important or extremely important in their purchasing decisions [157].

Many research domains such as Marketing and Advertising, Medical Research, Quality Assurance, Computer
Science [158, 159].etc., continue to investigate the potential of web based networks as a viable approach to data

collection. However, research into the acquisition and integration of online information in the product design domain
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has been limited.

A few of the noticeable benefits of employing such approaches in customer data acquisition include the speed at
which large sets of customer review data can be accessed and stored for next generation product design purposes.
Another major benefit is that a significant portion of this data is based on customer revealed preferences; that is, the
feedback given after a customer has purchased and interacted with a product for a considerable amount of time. This
differs from stated preference data that typically involves a hypothetical purchasing scenario in the form of a survey
[29].

The methodology presented in this work (1) Searches through user specified customer review web sites for a
given product; (2) For each unique user review, a text mining and retrieval algorithm is employed to isolate and
store information specific to a given product review; (3) The stored text data for the entire review population is time
stamped and mined for frequent feature patterns; (4) A time series predictive model is generated based on a specific
time horizon; and (5) Design engineers can utilize the generated model to understand evolving consumer preference

trends for next generation product design ideas.

6.1.1 Traditional Customer Preference Acquisition Techniques

There are several well established methodologies in the product design community that have been employed in the
product design and development process. The Quality Function Deployment (QFD) is a product design methodology
that attempts to translate customer requirements (CR) (also known as the Voice of the Customer (VOC)) into functional
engineering targets in an effort to generate new design ideas and enhance quality[11] .

Another popular approach to customer preference quantification is the Discrete Choice Analysis (DCA) technique,
which includes the Probit Model and Logit Models (multinomial, mixed, nested, etc) to name but a few. By quantifying
product attribute levels, design engineers can estimate the demand of next generation products and also investigate
creative approaches to help address customer preferences [160].

A major challenge resulting in the aforementioned customer preference modeling techniques is that the quality of
the customer feedback is highly dependent on the framing of the survey questionnaires presented to current/potential
customers. Recent research investigating the validity of customer surveys have revealed that a phenomenon called
self-generated validity effects may adversely affect the quality of the customer response data [161]. Consequently,
the creativity of the engineering design solution may be adversely affected if customer needs are not fully under-
stood. For example, design engineers may be focused on developing creative approaches to enhancing the speed of
a product while the emerging needs of the customer are more aligned with environmental safety. In addition to these
complexities, the size of the survey data set is often quite limited due to the time and financial costs of generating

surveys.
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To alleviate some of these challenges, a customer preference acquisition model is proposed that is based on large
scale online customer review data. The unstructured nature of online customer review data relieves respondents
from the traditional predefined structure of a survey type approach and enables respondents to provide an unbounded
assessment of their product preferences. The next section provides some background literature in the text mining

research domain.

6.1.2 Online Customer Preference Acquisition Techniques

Considerable research has been done in both document summarization and text classification relating to individual
words or group of words and their descriptive relations [162]. While many of the early text extraction and mining
algorithms focused on document summarization, there have been several works more closely related to feature ex-
traction as it relates to customer review data [163, 164]. Jinal and Lui investigate comparative sentence mining and
employ sequential rules to compare customer sentiments towards similar products[165]. Dave et al propose a feature
selection classification algorithm that analyzes customer review data and automatically partitions words into positive
and negative domains with relatively high accuracy [162]. A more recent contribution by Hu and Liu builds upon the
work by Dave et al by proposing a semantic classifier of product review sentences that does not need a set of training
texts to build the classifier [166]. It has been reported in the literature that attempting to mine customer review data in
order to separate positively and negatively associated words can be very challenging [167]. Although many method-
ologies have been proposed to try and address this issue in text mining, the proposed methodology overcomes these
inherent challenges of text approximation by focusing on customer review sites that have partitioned the reviews into
predefined categories of pros and cons.

Another related field of text mining is search query analysis. In a recent research finding, online search queries
were used to predict seasonal flu patterns within the same geographical region [158]. That is, there was a direct
correlation between the temporal frequency of certain key query words that describe a flu (for example, fever, aches,
sneezing, etc.) and the number of hospital visits for flu like symptoms [158].

The methodology presented in this work differs from the aforementioned product review based algorithms by
assessing individual customer reviews (in its entirety) and employing a text classification algorithm to determine the
most relevant product features being expressed by customers. Since each user review is time-stamped, the temporal
nature of certain positive and negative product features can be quantified, hereby enabling engineers to model product

feature preference trends.
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Figure 6.1: Overall flow of from Customer Review Text Retrieval to Product Preference Trend Modeling

6.2 Methodology

The proposed methodology enables design engineers to model product trends and identify emerging features that may
be popular in future product design models or identify obsolete features that should be excluded from future product
designs. By integrating free, publicly available customer review data, the proposed design methodology can have wide
applicability to many areas of product design. The flow diagram in Figure 6.1 presents the overall proposed framework
from customer review text retrieval to product preference trend modeling. The design creativity implications of each

step of the flow diagram in Figure 6.1 will be presented in the following section.

6.2.1 Step 1: Customer Review Text Retrieval

The process of acquiring text based data begins by specifying the source of the customer review data. Figure 6.2
presents a snapshot of a typical cell phone customer review with the accompanying html source code. To overcome
some of the text analysis challenges discussed in section 6.1.2, data is acquired through customer review websites
that have a predefined partition of the positive (pros) and negative (cons) customer reviews (ex:www.cnet.com). The

pre-partitioned format of the customer feedback platform greatly reduces the complexities that would have resulted
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from trying to mine the raw data for negative and positive customer opinions.

R

"Good for games, but not for business"”
by reality34 on March 17, 2010

Pros: Easy user interface
Bright clear screen
Many useful applications

Cons: No tactile response
Applications costly
Signal quality

Figure 6.2: Text Summarized Customer Review Data (Partitioned into Pros and Cons)

The authors of this work have developed a product design research website www.trendminingdesign.com that acquires

all of the raw customer review data (in html source code format) from multiple online sources.

Implications for product design creativity

The unconstrained nature of online customer review data is a departure from traditional survey type approaches and
has the potential to enhance the overall product design process by enabling design engineers to understand the entire
spectrum of customer needs. The formulation of a survey questionnaire, ironically assumes that the customer cares
about the the specific items presented within the survey. In addition to this bias, it has been reported in the literature
that an individual’s reported purchase intentions is biased towards a social norm whenever they are asked to make
predictions about their future behavior (ex: An individual may express preference towards a green product due to social
norms, despite whether or not this product will satisfy their needs) [161]. By extracting customer preferences through
an unguided web-based format, design engineers can acquire large scale unpredictable, honest customer feedback in
a timely and efficient manner. There are however some fundamental challenges of acquiring unstructured customer

review which are addressed in Step 2 of the product design process.

6.2.2 Step 2: Product Feature Text Mining

Customer review data in html format is stored on an SQL database on www.trendminingdesign.com. The next step is
to determine the product features being expressed by customers. This is a non-trivial problem as customer reviews are
presented in an unstructured, unpredictable style. The methodology beings by employing a PHP: Hypertext Prepro-

cessor (PHP) based version of the Brill Tagger for each customer review sentence [168]. This enables each customer
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review sentence to be decomposed into their respective Part of Speech (POS), otherwise known as Part of Speech
Tagging. For example, the customer feedback “Easy user interface” presented in Figure 6.2 would be transformed

into:
o [easy-JJ user-NN interface-NN ]

where JJ is the Tag code for an adjective and NN is the Tag code for a noun, with similar syntax used for other
parts of speech. The results of the Tagger algorithm will therefore identify the product feature space within customer
reviews that are represented by nouns. For each time step, a frequent word algorithm searches through customer
reviews to identify the most frequently expressed customer product preferences. The sensitivity of the frequent words

search algorithm is dependent on the user specified minimum threshold (MinSup) for what is characterized as frequent.

Feature (i)

POS (Left) POS (Right)

No

Feature (i) +POS(Left)> MinSup eature (i) +POS(Right)> MinSup

Feature (i)=Feature(i)+POS(Left) Feature (i)=Feature(i)+POS(Right)

Figure 6.3: Algorithm flow of product feature search aggregation

One major challenge in refining the accuracy of the frequent product feature algorithm is to efficiently analyze and
understand customer textual input. For example, the Tagger results above reveal that both the words user and interface
are nouns, representing candidate product features. However from observation, it is evident that the customer is
referring to a single product attribute user interface, rather than two separate attributes user and interface. An Apriori-
like algorithm is employed that satisfies the anti-monotone Apriori property: if any length k pattern is not frequent in
the database, its length (k+1) super-pattern can never be frequent[169, 127]. Figure 6.3 presents a visual flow of the
frequent product feature extraction algorithm that enables words like user and interface to be grouped as one product
feature user interface.

Once the frequent features have been identified for each time step, design engineers may want to know the sub-
Jjective and objective terms that customers use to describe them. An example of a subjective descriptive term would
be the word easy, used to describe the product feature user interface. An example of an objective description would

be 16 Gigabytes used to describe the product feature hard drive. A Bayesian Classification learner is employed to
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determine the associated terms (objective or subjective) relating to the most frequent features. This is mathematically

represented as:

pwilR) = PP mwz&; ) ©.1)

where,
e F;: represents a particular product feature.
e W;: represents the particular word (adjective, adverb, etc.) describing feature F;.

This allows engineers to classify a particular descriptive term (W;) based on the probability estimates from equation
6.1 by assigning the objective/subjective term to the feature with the highest probability.

The association of customer sentiment with a given product feature allows engineers to transform the once unstruc-
tured customer review data into a high dimensional structured representation that can be used for traditional statistical

analysis and data mining in the subsequent product design process [55, 29].

" Customers | Foature1 | - | Faaturen |
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Figure 6.4: Transformation of unstructured customer review text data to structured customer feature preference data

This structured format can be downloaded directly from the research website www.trendminingdesign.com where
engineers can search through and access their product of interest. It is important to note in Figure 6.4 that not all
feature words (W;) are present for each customer, which is a more realistic representation of market conditions as

different customers would express varying preferences of product features.

Implications for product design creativity

The ability to identify the positive and negative product features (over time) most frequently expressed by customers
will serve as a valuable feedback tool in the product design process. Design engineers will be able to enhance the

technological features that customers respond positively towards and either substitute or eliminate product features
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Figure 6.5: Plot of product preference trends with Holt-Winters forecasting

receiving significant negative reviews. Equally as important as the feedback is the magnitude and speed at which this
feedback can be acquired using the proposed online customer review process. Currently, there exists more than 17,000
customer reviews on the website www.trendminingdesign.com that spans more than 400 product models. Therefore
enterprise decision makers will not only be able to acquire reviews about their own products, but also benchmark their
electronic feedback to that of competitors also being discussed within the customer review platform. All of this insight

can be acquired in a few seconds which it takes to generate a set of time series frequent product feature results.

6.2.3 Step 3: Product Preference Trend Modeling

The Holt Winters exponential smoothing technique is employed to model the time series data due to its relatively
high predictive accuracy compared to other models such as the STL, Box-Jenkins, AutoRegressive Integrated Moving
Average (ARIMA), to name but a few [143, 147]. The model uses a weighted averaging technique that takes into
account the local level, the trend, and the seasonal components of the time series. The (k) step-ahead forecasting

model can therefore be represented as:

Vi(k) =L + KTy + I sk (6.2)

where
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Level L; (the level component):

Li=o(y: —L—s)+(1 =) (Li—1 +T;—1) (6.3)

Trend 7; (the slope component):

T =YL — L)+ (1=7)T- (6.4)

Season /; (the seasonal component):

I =0(y; — L)+ (1 —=8)]; (6.5)

The smoothing parameters @, 7y, d are in the range {0,1} and are typically chosen to be anywhere from 0.02 to
0.2 as a default, although they can also be estimated by minimizing the sum of squared errors for one time step ahead

[143, 147]. The starting values Ly, Ty and I also have to be initiated with conventional estimates [143].

Implications for product design creativity

By generating predictive models to forecast product feature trends, design engineers can observe which product design
features are becoming obsolete or popular over time and incorporate these findings in future product design decisions.
A visual representation of the trend mining model is presented in Figure 6.5 with the solid lines representing the
historical data acquired from customer reviews and the dashed lines representing the Holt-Winters forecasts beyond
the actual data. The graphical predictive model enables engineers to analyze the customer preference trends of the
entire product industry (ex: entire smart phone market in Figure 6.5) or isolate a particular product type for analysis.
Taking a closer look at Figure 6.5, it can be observed that in June, 2007, the product feature Keyboard has a relatively
low preference. Moving thought time however, it can be observed that the Keyboard feature becomes the 3rd most
popular feature expressed by customers.

Design Engineers also have the ability to benchmark their product to competitors by comparing the time series
product features to those of competitors. Figure 6.6 presents a scenario where the negative product preferences are
compared between two product brands, Apple and HTC. Figure 6.6 reveals that the negative product feature opinions
of the two brands begin to differ at the 3rd highest negative product feature camera (for Apple) and screen (for HTC).
Design engineers can incorporate this negative customer feedback into the design of next generation products by
developing creative solutions to help address product deficiencies and minimize the threat of competitors. One of

the major benefits of modeling customer preference trends using online, publicly available data is that models can be
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Figure 6.6: Trend Comparison of negative product features between Apple and HTC

frequently updated as new customer reviews are accessed and mined. This data is readily available for download in a

structured .CSV format as seen from the option in the bottom left of Figure 6.5.

6.3 Conclusion

In this dissertation, the product design challenge of large scale customer data acquisition has been addressed by propos-
ing an online, publicly available customer product review methodology presented on the web site www.trendminingdesign.com.
A product design methodology is proposed that transforms unstructured customer preference data into a time series
representation of product feature preferences. Although the primary focus is on consumer electronics, the proposed
methodology can be extended to other engineering fields such as automotive design, aviation logistics, etc. The aim
to expand on the proposed online trend mining research by developing demand models for next generation products

based on the time series customer review data.
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Chapter 7

Conclusion and Future Work

The advent of low cost data storage resources and multiprocessor computing machines has made the acquisition and
storage of data more accessible. However with the increase in data storage comes the non trivial challenge of extracting
useful, relevant knowledge. Machine learning techniques have been proposed to help address some of these emerging
data intensive problems.

The foundation of this research is to develop a Multidisciplinary Design Optimization (MDO) approach to product
design by creating a synergistic methodology that incorporates the objectives of each discipline (engineering design,
manufacturing, distribution, etc.) into the realization of an optimal product portfolio. With the incorporation of pre-
dictive data mining/machine learning techniques, this research merges customer preferences directly with engineering
design to achieve the most sustainable product portfolio. This process is an iterative approach that employs the de-
composition and integration techniques of multilevel optimization.

The focus of this research has been to explore how machine learning techniques can be used to solve complex
systems design problems in a timely and efficient manner with the main focus being product design problems. Tra-
ditional data acquisition techniques that have been employed in the product design community have relied primarily
on customer survey data or focus group feedback as a means of integrating the customer preference information into
the product design process. Direct customer interaction can be costly and time consuming and may therefore limit
the overall size and distribution of the customer preference data. Furthermore, since the survey data acquired typi-
cally represents stated customer preferences (customer responses for hypothetical product designs, rather than actual
product purchasing decisions made), design engineers may not know the true customer preferences for a new product
design.

The Preference Trend Mining (PTM) algorithm that is proposed in this work aims to address some fundamental
challenges of current engineering product modeling techniques by capturing changes in product preferences over time.
This enables design engineers to anticipate next generation product features before they become mainstream/unimportant.

Although this research has focused primarily on machine learning in the context of product design, research ex-

tensions can be made to other complex systems design problems involving large scale data generation.
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7.1 Future Work

7.1.1 Capturing Emergent Behavior in Systems of Systems Modeling

A potential future expansion could be the application of the aforementioned machine learning approaches to Systems
of Systems research through collaborations with Sandia National Laboratories involving their Future Combat Systems
(FCS) analysis models. Systems of Systems research involves the integration of multiple large scale, complex systems
for enterprise level decision making. While there are several definitions of Systems of Systems, many share certain
similarities such as Operational Independence, Managerial Independence, Evolutionary Development, Emergent Be-
havior, and Geographical Distribution of each independent system. Simulations involving Systems of Systems models
often generate large scale data that can be difficult to analyze in a timely and efficient manner. The focus of this
research will be to propose efficient methodologies that help capture emergent behavior of systems of systems mod-
els and aid enterprise decision makers in the initial design and decision making strategies. Mechanical engineering

systems that exhibit systems of systems characteristics will serve as the basis for model validation.

7.1.2 Sustainable Product Portfolio Design

Future research aspirations aim to propose novel machine learning algorithms for sustainable systems design. As
engineers and researchers, the definition of product optimality should be expanded beyond the traditional objectives
of cost and performance to include measures that evaluate designs based on the long term environmental impact,
energy requirements or the ability to be reused or recycled. There are many facets of sustainable engineering that
not only include the discovery of breakthrough, low cost energy sources, but also the efficient design and disposal of
products. This research project will comprise of both simulation based design and prototype testing of revolutionary
clean technologies to help address the aforementioned global air quality challenges. Instead of designing separate
systems that can enhance the sustainability of an engineering artifact, this project will investigate the feasibility of
designing large scale manufacturing systems with sustainable modules/components such as air purification systems

that may increase the operating life of machinery, while reducing carbon footprint.

7.1.3 Cyberinfrastructure in Multidisciplinary Design Optimization

Cyberinfrastructure plays a significant role in addressing the complex challenges often faced in the engineering design
community. This research will investigate the benefits of Cyberinfrastructure as it relates to Multidisciplinary Design
Optimization. The role of parallel computing software and hardware architectures will be researched in relation to
managing large data sets and making both data mining algorithms and engineering design optimization models eas-

ier to solve. While traditional multilevel optimization algorithms have focused on efficiently solving decomposed
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problems, this research will focus on proposing novel optimization techniques that can leverage the computational re-
sources of distributed computing. The computational resources provided at the San Diego Super Computing center and
the National Center for Supercomputing Applications (NCSA) will be used to address several of the key design prob-
lems (Example found in the Appendix). Researchers are provided with access to several Supercomputing resources
including the IBM Power4 Data Star, the IA-64 Linux Cluster, OnDemand (Rocks-131 Cluster) and Thor. Each of
these High Performance Computer systems can address a wide range of engineering design optimization problems and

will be investigated in future research projects.
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Chapter 9

Appendix

9.1 Cyberinfrastructure in Product Design

The Data Driven Product Design Platform is a user friendly interface that integrates customer knowledge discovery
with engineering design. The Java based GUI was designed using the Eclipse Java Development Toolkit and the Jigloo
extension of Eclipse for GUI based code development. The overall layout of the GUI is presented in Figure 9.1. The
user can interact with both phases of the product design process. That is, 1) The Data mining Knowledge Discovery
process and 2) The Engineering Design Simulation process. The details of each phase will be presented next and the

benefits of high performance computing will be revealed for each of the phases.

KDD Toolkit: The KDD Toolkit allows the user to specify which data mining approach to utilize in the knowledge
discovery process. The KDD Toolkit is partitioned into Parallel Data mining and Serial Data Mining as represented
by Figure 9.2. Depending on the HPC resources available, parallel data mining can be used to reduce the computa-
tional time required to generate a set of product design targets. The parallel data mining applications that have been

investigated thus far are 1). Parallel Weka, Parallel C4.5 and Parallel K-means.

1. Parallel Weka [170]: Is an extension of the Weka Open source environment. Parallel Weka parallelizes the
n-fold cross validation stage of several well known classifications algorithms such as the J48 (Weka’s imple-
mentation of C4.5 by Quinlan [171]). Given a data training set T, individual models can be built by partitioning
the raw data set T into individual training sets and then later validated using the test set. Since each fold is inde-
pendent of each other, this can be considered a task parallel process. Therefore, if there are n-folds, each taking
t minutes, the parallelization theoretically reduces the computational complexity from n*t minutes to t*minutes.
Actual results may be slightly below linear speedup due to the time lost as a result of message passing between

processors.
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Figure 9.1: Java based Graphical User Interface (GUI) of Data Driven Product Design Platform
Weka Parallel Initialization:

1. (a) Login to SDSC Cluster: thor.sdsc.edu
(b) Set class path: java —cp weak.jar weak.core.Distributed Server 1234
(c) Specify Weka Algorithm: weka.classifiers.j48.J48 —t weather.arff -a
1. Parallel C4.5 [172]: Parallel C4.5 is a classification based parallelization algorithm. The C4.5 is a decision tree
based induction algorithm based on iteratively partitioning the data set with each attribute test that maximizes

the information gain. PC4.5 runs on SunOS and Linux machines and is based on the Plinda distributed parallel

computing system developed at New York University [172].

Weka Parallel Initialization:

1. (a) Login to SDSC Cluster: rg-login
(b) Unzip PC4.5: gunzip.pc4.5.tar then enter tar xvfpc4.5.tar

(c) Compile PLinda using the make file make —f Linux
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Figure 9.2: KDD Toolkit options allowing the user to choose between parallel and serial data mining

(d) Note: Currently, there is a compatibility issue with a missing .h file “pix.h” that is preventing
Plinda from successfully compiling on the tera-grid machines. A solution to this is currently being

investigated.

1. Parallel K-Means [173]: The K-means clustering algorithm is an unsupervised learning data mining algorithm.
Unlike supervised learning data mining algorithms such as classification based C4.5 decision trees, Naive Bayes
, etc., the K-means algorithm determines patterns among the data set rather than predicting a class (performance
variable). The goal is to parallelize the distance calculations at each iteration so as to minimize the time spent
on determining the newly defined cluster centroid. Although this particular algorithm was not the focus of
the research here, the final version of the Data Driven Product Design Platform will include a fully functional

K-means option.
Parallel K-means Initialization:

1. (a) Login to SDSC Cluster: dspoe.sdsc.edu
(b) Save file to home directory
(c) Compile MPI version: make mpi_main

(d) Run: open_main.h
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(e) Note: The initial code was run using SDSC DataStar, however MPI compatibility issues are cur-
rently being investigated before any large scale use of this algorithm will be available through the

Data Driven Product Design Platform.

Serial Data Mining

The Data Driven Product Design Platform will enable the user to access serial versions of popular open source
as well as closed source data mining algorithms such as Weka, D2K, Matlab Classification Toolbox and the newly
developed Meandre by NSCA. Due to the focus of the CIEG program as it relates to high performance computing, the

explanation of the serial data mining programs will be minimized.

Phase 2: Engineering Design Simulation The DDPD provides users with a centralize location for the entire product
portfolio development process where the Matlab computational engine will be accessed behind the scenes directly from
the DDPD user interface. This is achieved by calling several Java routines, one being the JMatLink [174] that creates
an open channel for Matlab commands to be executed directly from the DDPD.
A snapshot of the Java based code is as follows:
private AbstractAction getRun_optmodel() {

if(run_optmodel == null) {

run_optmodel = new AbstractAction("Run”, null) { //access action “Run” button

public void actionPerformed(ActionEvent evt) {
JMatLink engine = new JMatLink(); //Define “engine” from JMatLink
System.out.println(’Linking Data Knowledge Discovery With Engineering Design”);
System.out.println(” ”’);
engine.engOpen(); //function to open the Matlab computational engine
engine.engOutputBuffer();//initialization of output buffer

BufferedReader in = new BufferedReader( new InputStreamReader(System.in));
String input =;
input = jTextField1.getText(); //input from the user “ATC_example”
if (linput.equals(end”) && linput.equals(exit”)) //test for termination
engine.engEvalString(input); //evaluates the string that the user inputs

System.out.println(engine.engGetOutputBuffer());

engine.engClose(); //fend process

}
IS
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}

return run_optmodel;

}

Here, the user will input the exact name of the script that will call the Matlab Computational Engine. In this ex-
ample, assuming that the script name is “ATC_example”, the Matlab computational engine will then be accessed
(engine.engOpen()) and the optimization sequence will begin. (Note: In order for Matlab to recognize the script, the
folder which contains the script must be in the Matlab command path). If the user specifies the results file of the Data
Mining Knowledge Discovery Process, the Matlab optimization model can directly read from this data file and hence
avoid manual input of each product design target.

Optimization ToolKit:

The optimization toolkit interface allows the user to specify which optimization approach is most suitable for the
specific design problem. Depending on the number of sequential processes, the user may choose to solve the problem
using parallel data mining techniques. In the event where there are dependencies among different tasks or licensing
restrictions, parallel optimization may not be feasible and the user also has the option of evoking serial optimization
techniques.

Parallel Optimization: The 3 parallel optimization approaches investigated thus far are the StarP [175], Parallel

Matlab [176] and Parallel CPLEX [177]. The parallel optimization approach that is utilized in the product design
process relies heavily on the type of optimization problem being solved. The example engineering design problem
involves both task parallelization and data parallelization. Research efforts will initially focus on developing model
parallelization using the StarP client and then branching out to include C/C++ and Fortran based design models that
utilize parallel CPLEX.

Task Parallelization:

The results from the data mining knowledge discovery process generate an m x n matrix of product design specifi-
cations, where m represents the number of unique attribute combinations and n represents the values for each attribute.
As the size of the decision tree model increases, it often becomes computationally impractical for all product design
candidates to be investigated hereby limiting the effectiveness of the product design process. Task Parallelization us-
ing StarP client aims to address some of these challenges facing the product portfolio design process by enabling a
broadcast of independent tasks to different processors. We first begin by introducing the general form of the a specific

type of optimization problem and how it relates to data parallelization.
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Data Parallelization:
Mixed Integer Nonlinear Program General Formulation:
minimize f(x, y)

(Nonlinear objective function)

subject to g(x, y) = 0, h(x,y)=0 ( Nonlinear Constraints)

Ax=b (Linear Constraints)

x 1 X (Continuous variable bounded by X)

y 1Y integer (Integer Variables bounded by Y)

Since many engineering design models are mixed integer nonlinear programming problems, the goal is to paral-
lelize each node of the branch (Gradient Information), Where S= Master Problem and Si=subproblem (i). Each S;
has optimal solution. Therefore S*=min(S1*, S>*,...S¢*), where k=number of sub problems. Currently, StarP has the
ability to parallelize nonlinear constraint optimization functions that use the in-built Matlab function fimincon. The
StarP equivalent to fmincon is ppfmincon and takes the form:

[x y] = ppfmincon(@sys_fun, x0, extra_args)

Where sys_fun is the constrained nonlinear optimization problem to be solved with starting variable values at x0
and output X and y. ppfmincon parallelizes the gradient and function evaluations of a constrained nonlinear program-
ming problem.

The StarP user interface allows users to specify the number of processors required to solve their optimization
problem. In the case of the task parallel problem, we will set the number of processors n equal to the number of leaves
generated by the decision tree classification algorithm so that each optimization problem can run simultaneously on
the OnDemand cluster. If parallelization of the actual optimization algorithm is also occurring (fmincon), then the
number of processor may be altered to achieve maximum scale-up. The StarP Task Parallel function call is as follows:
[out] out2 ... outN] = ppeval(’ ATC _example’, Inl, In2, ..., InN);

Where outi and Ini are the outputs and inputs respectively to the user/matlab function (ATC _example)

The level of code customization depends on the overall objective of the design problem. For example one may
choose to split or broadcast the inputs of the function using different StarP commands such as ppevalsplit or ppbcast.

Each task parallel problem is modeled based on the Analytical Target Cascading (ATC) decomposition approach.
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The two-level model represents interaction with a system level that is system level is responsible for acquiring the
results from the data mining approach (vector of design targets) and a lower subsystem level that attempts to match
the higher level targets.

Evaluating Computational Time Savings (Serial VS Parallel)

The computational time savings between serial and parallel versions of the optimization model are highly depen-
dent on the type of problem being solved and the structure of the model. To evaluate differences in run time, simple
benchmarking commands can be used with the in-built Matlab functions fic and toc for the serial version and pptic
and pptoc for the StarP parallel version. An example of the parallel time evaluation wrapped around a constraint
optimization function call is given below (This is for the ATC_example presented earlier):
pptic;
x_sys= ppfmincon(@f_sys, x_sys, [, [1, [], [, vlb, vab, @ NONLCON_sys, options);

pptoc;

The output from the Matlab command window allows the user to see how many messages were passed between
the client and server machines as well as the total time required to accomplish this. This vital piece of information can
then be used to benchmark the computational time savings with serial versions of the code.

Client/server communication report:

Sent by server: 162 messages, 1.263e+004 bytes

Received by server: 162 messages, 2.073e+004 bytes

Total communication time: 6.991e-003 seconds

Server processing report:

Duration of calculation on server (wall clock time): 3.330e+000s

#ppchangedist calls: 0

Total time: 2.972e+001 seconds
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Figure 9.3: Enterprise Objective Function

7/12/07 1:07 PM C:\MATLAB\work\ASME_matlab\ASME_DACI1\Optimal Prod.. \ent FUN2_ 1.m 1 of 1

function [f_sys] = ent_FUN(ent_SYS2_1,Prob)
global response_SUBSYS;

%Stage 1: SMS Architecture Design

TFT=1;

T_Battery=3;
profit=ent_SYS2_1(1);
T_Display=TFT;

E_Battery=ent_SYS2_1(12);
E_Connectionl=ent_SYS2_1(13); %Bluetooth
E_Connection2=ent_SYS2_1(14); %Wifi
E_Connection3=ent_SYS2_1(15); %Infrared
E_Designl=ent_SYS2_1(16); %Shell Phone
E_Design2=ent_SYS2_1(17); %Flip Phone
E_Displayl=ent_SYS2_1(18); %TFT LCD
E_Display2=ent_SYS2_1(19); %OLED LCD

E_Cost=ent_SYS2_1(11);
f_sys = -profit+ 1le5*((T_Battery-ent_SYS2_1(3))"2+(T_Display-ent_SYS2_1(9))"2) ...

+1e3*E_Battery +1e3*E_Connectionl+le3*E_Connection2+1e3*E_Connection3. ..
+1e3*E_Designl+1e3*E_Design2+1e3*E_Displayl+1e3*E_Display2+1e5*E_Cost;
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Figure 9.4: Enterprise NONLINEAR Constraints

7/12/07 1:08 PM C:\MATLAB\wOrk\ASME_matlab\ASME_DAC1\Optimal ...\ent_NONLCON2 1.m

1of1

function constr = NONLCON_sys(ent_SYS2_1,Prob)
load SMS_SUB2_1.mat SMS_SUB2_1 -ascii ;
global response_SUBSYS;

%Customer information predicted by Data Mining C4.5 DT
Demand=907;

MaxPrice=160;

Cost=SMS_SUB2_1(87);

profit=ent_SYS2_1(1);

%Stage 1: SMS Architecture Design

% Tolerance constraint

g(1) = 1e0*(( ent_SYS2_1(2) - response_SUBSYS(1))"2) - ent_SYS2_1(11); %Cost

g(2) = 1e0*(( ent_SYS2_1(3) - response_SUBSYS(2))"2) - ent_SYS2_1(12) ;%Talk Time
g(3) = 1e0*(( ent_SYS2_1(4) - response_SUBSYS(3))"2) - ent_SYS2_1(13) ;%Bluetooth
g(4) = 1e0*(( ent_SYS2_1(5) - response_SUBSYS(4))"2) - ent_SYS2_1(14);%Wifi

g(5) = 1e0*(( ent_SYS2_1(6) - response_SUBSYS(5))"2) - ent_SYS2_1(15);%Infrared
g(6) = 1e0*(( ent_SYS2_1(7) - response_SUBSYS(6))"2) - ent_SYS2_1(16);%Shell Phone
g(7) = 1e0*(( ent_SYS2_1(8) - response_SUBSYS(7))"2) - ent_SYS2_1(17) ;%Flip Phone
g(8) = 1e0*(( ent_SYS2_1(9) - response_SUBSYS(8))"2) - ent_SYS2_1(18);%TFT LCD
g(9) = 1e0*(( ent_SYS2_1(10) - response_SUBSYS(9))"2) - ent_SYS2_1(19) ;%OLED

h(1)=profit-Demand*(MaxPrice-Cost);
C=[g(1) 9(2) 93 94 9(5) 9(6) 9(7) 9(8) 9(N]1":
Ceg=[h(1)]";

constr = [C;Ceq];
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Figure 9.5: Enterprise variable bound definitions

7/12/07 1:09 PM C:\MATLAB\work\ASME_matlab\ASME_DACI1\Optimal Pro..._.\ent 0SYS2 1.m 1 of 2

% Cell Phone Design
% Target Cascading approach
% Two level problem: System-Subsystem

% System level problem

global response_SUBSYS, count;
% A=[1"; B=[1"; Aeqg=[1":; Beg=[1"; % matrix/vectors for defining linear constraints (notv¢
used)

load X_ALL2_1.mat X_ALL2_1 -ascii ;
load SMS_SUB2_1.mat SMS_SUB2_1 -ascii ;

ent_SYS2_1 =[ 200 X_ALL2_1(87) X_ALL2_1(45) X _ALL2_1(33) X_ALL2_1(47) X_ALL2_1(48) ¢
X_ALL2 1(19) X_ALL2 1(25) X_ALL2 1(59) X ALL2 1(66) 10 10 10 10 10 10 10 10 10]";

response_SUBSYS(1) = SMS_SUB2_1(87) ; % Actually, response from subsystem---Cost
response_SUBSYS(2) = SMS_SUB2_1(45) ; % Actually, response from subsystem---Talk Time
response_SUBSYS(3) = SMS_SUB2_1(46) ; % Actually, response from subsystem---Bluetooth
response_SUBSYS(4) = SMS_SUB2_1(47) ; % Actually, response from subsystem---Wifi
response_SUBSYS(5) = SMS_SUB2_1(48) ; % Actually, response from subsystem---Infrared
response_SUBSYS(6) = SMS_SUB2_1(19) ; % Actually, response from subsystem---Shell Phone
response_SUBSYS(7) = SMS_SUB2_1(25) ; % Actually, response from subsystem---Flip Phone
response_SUBSYS(8) = SMS_SUB2_1(59) ; % Actually, response from subsystem---TFT LCD
response_SUBSYS(9) = SMS_SUB2_1(66) ; % Actually, response from subsystem---OLED

x1b=[-1000000000 0 300 0000000000000 0O0]" ;
Xub=[1000000000 300 7 111111110 10 10 10 10 10 10 10 10]";
xstatus=s[0 01 1111111000000000]";

c L = [-inf -inf -inf -inf -inf -inf -inf -inf -inf 0 ]7;
cU=[000000000O0]";

x_opt=[1;

ConsPattern = []; % All elements of grad c(x) are nonzero

HessPattern = zeros(1,1); % Linear obj.function => zero Hessian
VarWeight = [];

fIP = [1; % An upper bound on the IP value wanted.

xIP = [1; % Makes it possible to cut branches

Prob = minlpAssign(“ent_FUN2_1", [1, [1, [0, xIb, xub, "SMS Phone_1 Profit Calculation”, ¢
ent_SYS2_1, ...

xstatus, VarWeight, [1, [1., ---

1. [0, [0, “ent_NONLCON2_1*, [1, [1, ConsPattern, c_L, c U, ¥
x_opt);
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Figure 9.6: Script file calling the optimization sequence

7/12/07 1:09 PM C:\MATLAB\work\ASME_matlab\ASME_DAC1\Optimal Pr.. \overall _s2 1.m 1 of 2
% Cell Phone Product Architecture

% Target Cascading approach

% Three level problem: System-Subsystem-Component

% Overall Coordination Problem

clear all;

warning off;

global count ;

xm(1)=1; xm(11)=1; xm(21)=50; xm(31)=1; xm(40)=50; xm(50)=1; xm(60)=40; v
xm(70)=18; xm(80)=0;

xm(2)=0; xm(12)=0; xm(22)=30; xm(32)=20; xm(41)=35; xm(51)=0; xm(61)=30; ¥
xm(71)= 11; xm(81)=0;

xm(3)=0; xm(13)=0; xm(23)=40; xm(33)=50; xm(42)=11; xm(52)=0; xm(62)=25000; ¢
xm(72)= 15; xm(82)=0;

xm(4)=0; xm(14)=0; xm(24)=20; xm(34)=40; xm(43)=35; xm(53)=0; xm(63)=18; ¥
xm(73)=0; xm(83)=0;

xm(5)=0; xm(15)=0; xm(25)=0; xm(35)=12; xm(44)=1100; xm(54)=0; xm(64)=12; ¢
xm(74)=0; xm(84)=0;

xm(6)=0; xm(16)=0; xm(26)=70; xm(36)=30; xm(45)=5; xm(55)=0; xm(65)=9; ¢
xm(75)=0; xm(85)=0;

xm(7)=0; xm(17)=0; xm(27)=40; xm(37)=1200; xm(46)=0; xm(56)=0; xm(66)=0; ¢
xm(76)=0; xm(86)=0;

xm(8)=0; xm(18)=1; xm(28)=25; xm(38)=0; xm(47)=1; xm(57)=0; xm(67) =35; ¥
xm(77)=0; xm(87)=40;

xm(9)=0; xm(19)=0; xm(29)=20; xm(39)=15; xm(48)=0; xm(58)=0; xm(68) =25; ¢
xm(78)=0; xm(88)=60;

xm(10)=0; xm(20)=90; xm(30)=15; xm(49)=0; xm(59)=1; xm(69) ¥
=18000; xm(79)=0;

X_ALL2_1=[xm(1:88)]";

xms(1)=1; xms(11)=1; xms(21)=50; xms(31)=1; xms(40)=50; xms(50)=1; xms(60)=40; ¢
xms(70)=18; xms(80)=0;

xms(2)=0; xms(12)=0; xms(22)=30; xms(32)=20; xms(41)=35; xms(51)=0; xms(61) ¥
=30; xms(71)= 11; xms(81)=0;

xms(3)=0; xms(13)=0; xms(23)=40; xms(33)=50; xms(42)=11; xms(52)=0; xms(62) ¢
=25000; xms(72)= 15; xms(82)=0;

xms(4)=0; xms(14)=0; xms(24)=20; xms(34)=40; xms(43)=35; xms(53)=0; xms(63) ¥
=18; xms(73)=0; xms(83)=0;

xms(5)=0; xms(15)=0; xms(25)=0; xms(35)=12; xms(44)=1100; xms(54)=0; xms(64) ¥
=12; xms(74)=0; xms(84)=0;

xms(6)=0; xms(16)=0; xms(26)=70; xms(36)=30; xms(45)=5; xms(55)=0; xms(65) ¥
=9; xms(75)=0; xms(85)=0;

xms(7)=0; xms(17)=0; xms(27)=40; xms(37)=1200; xms(46)=0; xms(56)=0; xms(66) ¥
=0; xms(76)=0; xms(86)=0;

xms(8)=0; xms(18)=1; xms(28)=25; xms(38)=0; xms(47)=1; xms(57)=0; Xms ¥

(67) =35;

xms(77)=0;

xms(87)=40;
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Figure 9.7: Engineering Objective Function

7/12/07 1:10 PM C:\MATLAB\wOrk\ASME_matlab\ASME_DAC1\Optimal Prod...\SMS FUN2 1.m 1 of 1

function [f]=SMS_FUN(SMS_SUB,Prob)

global target SUB;

%The objective fucntion of Matching System Level Target with response
Cost=SMS_SUB(87);

Weight=SMS_SUB(88);

R_Battery=SMS_SUB(45);

R_Connection=SMS_SUB(46);

R_Display=SMS_SUB(59);

% R_Design=SMS_SUB(19);

f=Cost+ le3*((target_SUB(2)-R_Battery)”"2+(target_SUB(8)-R_Display)"2);
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Figure 9.8: Engineering Design Constraints

7/12/07 1:10 PM  C:\MATLAB\wOrk\ASME_matlab\ASME_DAC1\Optima...\SMS_NONLCON2_1.m 1 of 14

function constr=NONLCON(SMS_SUB)

global target_SUB;

%University of lllinois-Urbana, Champaign
%Enterprise Systems Optimization Laboratory

%Dr. Harrison Kim: ISIE Assistant Professor
%Conrad Tucker : ISIE Graduate Research Student

%Cell Phone Architecture Formulation
% Variable Assignments

% 32 MB RAM
% MANUFACTURER 1: 32 Megabyte RAM

% 32 MB Capacity

Mbyte_32_1=SMS_SUB(1); %RAM Discrete Variable
Weight_32MB1=1.1; % 32 MB Component weight
Cost_32MB1=0.2; % Unit cost of 32 MB RAM

Power_32MB1=2; % Power Consumption per hour (Milliamps)

% MANUFACTURER 2: 32 Megabyte RAM

% 32 MB Capacity

Mbyte_32_2=SMS_SUB(2); %RAM Discrete Variable
Weight_32MB2=2; % 32 MB Component weight
Cost_32MB2=0.35; % Unit cost of 32 MB RAM

Power_32MB2=2; % Power Consumption per hour (Milliamps)

% MANUFACTURER 3: 32 Megabyte RAM

% 32 MB Capacity

Mbyte_32_3=SMS_SUB(3); %RAM Discrete Variable
Weight_32MB3=1.3; % 32 MB Component weight
Cost_32MB3=0.15; % Unit cost of 32 MB RAM

Power_32MB3=3; % Power Consumption per hour (Milliamps)

%MANUFACTURER 1: 64 Megabyte RAM
% 64 MB Capacity

Mbyte_64_1=SMS_SUB(4); %RAM Discrete Variable
Weight_64MB1=1.2; % 32 MB Component weight
Cost_64MB1=0.43; % Unit cost of 32 MB RAM
Power_64MB1=4; % Power Consumption per hour (Milliamps)

%MANUFACTURER 2: 64 Megabyte RAM
% 64 MB Capacity

Mbyte_64_2=SMS_SUB(5); %RAM Discrete Variable
Weight_64MB2=2.5; % 32 MB Component weight
Cost_64MB2=0.51; % Unit cost of 32 MB RAM
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Figure 9.8: Engineering Design Constraints (cont.)

7/12/07 1:10 PM C:\MATLAB\wOrk\ASME_matlab\ASME_DAC1\Optima...\SMS_NONLCON2_1.m 2 of 14

Power_64MB2=1.5; % Power Consumption per hour (Milliamps)

%MANUFACTURER 3: 64 Megabyte RAM
% 64 MB Capacity

Mbyte_64_3=SMS_SUB(6); %RAM Discrete Variable
Weight_64MB3=2.3; % 32 MB Component weight
Cost_64MB3=0.41; % Unit cost of 32 MB RAM

Power_64MB3=3; % Power Consumption per hour (Milliamps)

0
(]

YANNNANANNNNNNNNNANNNNNNNEXTERNAL STORAGE DEV | CEANANANANAANNNANNNNNNNNNNNNNNNNN

%MANUFACTURER 1: MS Pro Flash Drive

MSP1=SMS_SUB(7); %EXTERNAL STORAGE Discrete Variable
Weight_MSP1=3.1;

Cost_MSP1=1.1; % Manufacturing cost of MS Pro slot
Power_MSP1=1; % Power Consumption per hour (Milliamps)

%MANUFACTURER 2: MS Pro Flash Drive

MSP2=SMS_SUB(8); %EXTERNAL STORAGE Discrete Variable
Weight_MSP2=3.2;

Cost_MSP2=1.3; % Manufacturing cost of MS Pro slot
Power_MSP2=1.1; % Power Consumption per hour (Milliamps)

%MANUFACTURER 3: MS Pro Flash Drive
MSP3=SMS_SUB(9) ; NEXTERNAL STORAGE Discrete Variable
Weight_MSP3=2.5;

Cost_MSP3=1.2; % Manufacturing cost of MS Pro slot
Power_MSP3=3; % Power Consumption per hour (Milliamps)

%MANUFACTURER 1: MS DUO Flash Drive

MSD1=SMS_SUB(10); %EXTERNAL STORAGE Discrete Variable
Weight_MSD1=2.4;

Cost_MSD1=1.54; % Manufacturing cost of MS DUO slot
Power_MSD1=2; % Power Consumption per hour (Milliamps)

%MANUFACTURER 2: MS DUO Flash Drive

MSD2=SMS_SUB(11); %EXTERNAL STORAGE Discrete Variable
Weight_MSD2=2.5;

Cost_MSD2=1.65; % Manufacturing cost of MS DUO slot
Power_MSD2=1.5; % Power Consumption per hour (Milliamps)

%MANUFACTURER 3: MS DUO Flash Drive
MSD3=SMS_SUB(12) ; %EXTERNAL STORAGE Discrete Variable
Weight_MSD3=3.0;

Cost_MSD3=1.44; % Manufacturing cost of MS DUO slot
Power_MSD3=2.5; % Power Consumption per hour (Milliamps)
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Figure 9.8: Engineering Design Constraints (cont.)

7/12/07 1:10 PM C:\MATLAB\wOrk\ASME_matlab\ASME_DAC1\Optima...\SMS_NONLCON2_1.m 3 of 14

Uy ANANANNNNNNNNNANNNNNNNNNNANNNNHARD DRIVE STORAGEANNNAAANNANNNNNNNNNNNNNNNNNN

% MANUFACTURER 1: 1 Gigabyte Storage

GB1HD_1=SMS_SUB(13);

Weight_GB1HD_1=17.2; % 1 GB Component weight
Cost_GB1HD_1=16.80; % Component cost of 1 GB storage device
Power_GB1HD_1=7; % Power Consumption per hour (Milliamps)

% MANUFACTURER 2: 1 Gigabyte Storage

GB1HD_2=SMS_SUB(14);

Weight_GB1HD_2=19.5; % 1 GB Component weight
Cost_GB1HD_2=15.63; % Component cost of 1 GB storage device
Power_GB1HD_2=7; % Power Consumption per hour (Milliamps)

% MANUFACTURER 3: 1 Gigabyte Storage

GB1HD_3=SMS_SUB(15);

Weight_GB1HD_3=22.7; % 1 GB Component weight
Cost_GB1HD_3=17.40; % Component cost of 1 GB storage device
Power_GB1HD_3=7; % Power Consumption per hour (Milliamps)

% MANUFACTURER 1: 2 Gigabyte Storage

GB2HD_1=SMS_SUB(16);

Weight_GB2HD_1=27.8; % 2 GB Component weight
Cost_GB2HD_1=25.90; % Component cost of 2 GB storage device
Power_GB2HD_1=11; % Power Consumption per hour (Milliamps)

% MANUFACTURER 2: 2 Gigabyte Storage

GB2HD_2=SMS_SUB(17);

Weight_GB2HD_2=32.9; % 2 GB Component weight
Cost_GB2HD_2=24.83; % Component cost of 2 GB storage device
Power_GB2HD_2=12; % Power Consumption per hour (Milliamps)

% MANUFACTURER 3: 2 Gigabyte Storage

GB2HD_3=SMS_SUB(18);

Weight_GB2HD_3=28.77; % 2 GB Component weight
Cost_GB2HD_3=26.80; % Component cost of 2 GB storage device
Power_GB2HD_3=13; % Power Consumption per hour (Milliamps)

YANANNNNNNNNNNNNNNNNNNEXTERIOR DESIGN OF CELL PHONEANAAANAANNNNNANNANNNNNN

SHELL=SMS_SUB(19); % Discrete choice variable: Shell Phone design
Length_SHELL=SMS_SUB(20); % Phone length

Width_SHELL=SMS_SUB(21); % Phone width
Thickness_SHELL=SMS_SUB(22);% Phone Thickness
Weight_SHELL=SMS_SUB(23);% Cell Phone Weight
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Figure 9.8: Engineering Design Constraints (cont.)

7/12/07 1:10 PM C:\MATLAB\wOrk\ASME_matlab\ASME_DAC1\Optima...\SMS_NONLCON2_1.m 4 of 14

Cost_SHELL=SMS_SUB(24);% Cell Phone Cost

FLIP=SMS_SUB(25); % Discrete choice variable: Flipe Phone design
Length_FLIP=SMS_SUB(26); % Phone length

Width_FLIP=SMS_SUB(27); % Phone width
Thickness_FLIP=SMS_SUB(28) ;% Phone Thickness
Weight_FLIP=SMS_SUB(29);% Cell Phone Weight
Cost_FLIP=SMS_SUB(30);% Cell Phone Cost

YANANNNNNNNNNNNNNNANNNNNNNNNNNNNNNBATTERY  TYPEAMANAANANANNNNANNNNNNNNNNANNNNNN

% = mmmmmmmmmmmmm e Nickel Metal Hydride (NIMH)-----———————coome—
NIMH=SMS_SUB(31); %NIMH Discrete Variable

Weight_NIMH=SMS_SUB(32); % Battery Weight

Length_NIMH =SMS_SUB(33); % Battery Length

Width_NIMH=SMS_SUB(34); %Battery Width

Thickness_NIMH=SMS_SUB(35); %Battery Thickness

Cost_NIMH=SMS_SUB(36); % Battery Cost

Capacity_NIMH=SMS_SUB(37); % Battery Capacity

% —m——mmmm Lithium lon (LI-ION)-—————————— -

LION=SMS_SUB(38); %LION Discrete Variable
Weight_LION=SMS_SUB(39); % Battery Weight
Length_LION =SMS_SUB(40); % Battery Length
Width_LION=SMS_SUB(41); %Battery Width
Thickness_LION=SMS_SUB(42); %Battery Thickness
Cost_LION=SMS_SUB(43); % Battery Cost
Capacity_LION=SMS_SUB(44); % Battery Capacity

TALK_TIME=SMS_SUB(45); % Battery Talk Time

YANANANNNNNNNNNNNNNNNNNNNNNANCONNECT 1V I TYAMAANANNANANNNNNNNNNANNNNNNNNNNANNNNNN

% ——mmmmmm e Bluetooth----—-————————— -

BT=SMS_SUB(46); % Bluetooth Discrete Variable
Weight_BT=8.9; % Weight of Bluetooth radio
Cost_BT=5.80; % Cost of Bluetooth radio

Power_ BT=8; % Power consumption rate of radio

WF=SMS_SUB(47); % Wifi Discrete Variable
Weight_WF=12.8; % Weight of WiFi radio
Cost_WF=7.30; % Cost of Wifi radio
Power_WF=8; % Power consumption rate Wifi
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Figure 9.8: Engineering Design Constraints (cont.)

7/12/07 1:10 PM C:\MATLAB\wOrk\ASME_matlab\ASME_DAC1\Optima...\SMS_NONLCON2_1.m 5 of 14

% ANNNNANNNNNNNNNNN | N Fr a—re AN NNNNAANNNNNNNNNNNN

IR=SMS_SUB(48); % Infra-red Discrete Variable
Weight_IR=8.5; % Weight of Infra red

Cost_IR=3.73; % Cost of Infra red

Power_IR=6; % Power consumption rate of Infra-red

% NNANNNNNNNNNNNNNNNNNNNNNNNN § CFrO p NONEANNANAANNNANNNNNNNNNNNNNNNNN

% MANUFACTURER 1: Microphone

MIC1=SMS_SUB(49); %Microphone Discrete Variable
Weight_MIC1=2.1; % Weight of Microphone

Cost_MIC1=0.81; % Cost of Microphone

Power_MIC1=_4; % Power consumption rate of Microphone

% MANUFACTURER 2: Microphone

MIC2=SMS_SUB(50); %Microphone Discrete Variable
Weight_MIC2=2.6; % Weight of Microphone

Cost_MIC2=0.84; % Cost of Microphone

Power_MIC2=.7; % Power consumption rate of Microphone

% MANUFACTURER 1: Earpiece

EP1=SMS_SUB(51); %Microphone Discrete Variable
Weight_EP1=2.7; % Weight of Earpiece

Cost_EP1=0.13; % Cost of Earpiece

Power_EP1=1.1; % Power consumption rate of Earpiece

% MANUFACTURER 2: Earpiece

EP2=SMS_SUB(52); %Microphone Discrete Variable
Weight_EP2=2_4; % Weight of Earpiece

Cost_EP2=0.14; % Cost of Earpiece

Power_EP2=1.3; % Power consumption rate of Earpiece

% MANUFACTURER 3: Earpiece

EP3=SMS_SUB(53); %Microphone Discrete Variable
Weight_EP3=3.1; % Weight of Earpiece

Cost_EP3=0.14; % Cost of Earpiece

Power_EP3=1.0; % Power consumption rate of Earpiece

% MANUFACTURER 1: Audio Jack

AJ1=SMS_SUB(54); % Audio Jack Discrete Variable
Weight_AJ1=1.4; % Weight of Audio Jack
Cost_AJ1=0.8; % Cost of Audio Jack
Power_AJ1=0.5;
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Figure 9.8: Engineering Design Constraints (cont.)

7/12/07 1:10 PM C:\MATLAB\wOrk\ASME_matlab\ASME_DAC1\Optima...\SMS_NONLCON2_1.m 6 of 14

% MANUFACTURER 2: Audio Jack

AJ2=SMS_SUB(55); % Audio Jack Discrete Variable
Weight_AJ2=1.7; % Weight of Audio Jack
Cost_AJ2=0.6; % Cost of Audio Jack
Power_AJ2=0.9;

% MANUFACTURER 1: External Speaker

ES1=SMS_SUB(56); %External Speaker Discrete Variable
Weight_ES1=8.43; % Weight of External Speaker

Cost_ES1=2.9; % Cost of External Speaker

Power_ES1=1.8; % Power consumption rate of External Speaker

% MANUFACTURER 2: External Speaker

ES2=SMS_SUB(57); %External Speaker Discrete Variable
Weight_ES2=7.12; % Weight of External Speaker

Cost_ES2=3.7; % Cost of External Speaker

Power_ES2=1.3; % Power consumption rate of External Speaker

% MANUFACTURER 3: External Speaker

ES3=SMS_SUB(58); %External Speaker Discrete Variable
Weight_ES3=6.9; % Weight of External Speaker
Cost_ES3=1.7; % Cost of External Speaker

Power_ES3=1.5; % Power consumption rate of External Speaker
Yfm——mmm LCD— == ——mm e %

LCD=SMS_SUB(59); % TFT LCD Discrete Choice variable
LCD_length= SMS_SUB(60); % Length of LCD

LCD_width= SMS_SUB(61); % Width of LCD

LCD_res= SMS_SUB(62); % Display Resolution
Cost_LCD= SMS_SUB(63); % LCD manufacturing cost
Weight_LCD= SMS_SUB(64); % LCD Unit weight
Power_LCD= SMS_SUB(65); % Battery Consumption;

% AANNNNNNNNNNNNNNNNNNNNNNNQ | EDANANNNNANNNNNNNNNNNNNNNNN

OLED=SMS_SUB(66); % OLED Discrete Choice variable
OLED_length= SMS_SUB(67); % Length of OLED
OLED_width= SMS_SUB(68); % Width of OLED

OLED_res= SMS_SUB(69); % Display Resolution
Cost_OLED= SMS_SUB(70); % OLED manufacturing cost
Weight_OLED= SMS_SUB(71); % OLED Unit weight
Power_OLED= SMS_SUB(72); % Battery Consumption;

% Digital Camera Modules
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Figure 9.8: Engineering Design Constraints (cont.)

7/12/07 1:10 PM C:\MATLAB\wOrk\ASME_matlab\ASME_DAC1\Optima...\SMS_NONLCON2_1.m 7 of 14

% ANNNNNNNNNNNNNNNNNNNNNNNNG M ega Pixel Camera M AN AAAANNNNNNNNNNNNNN

%MANUFACTURER 1: 1 MP Camera Module

One_MP1=SMS_SUB(73); %1 MP Discrete Choice variable
Cost_One_MP1=9.75; %1 MP Camera Component Cost
Weight_One_MP1=15.2; % 1 MP Camera Component Weight
Power_One_MP1=5.7; % 1 MP Camera Component Power consumption

%MANUFACTURER 2: 1 MP Camera Module

One_MP2=SMS_SUB(74); %1 MP Discrete Choice variable
Cost_One_MP2=7.75; %1 MP Camera Component Cost
Weight_One_MP2=15.15; % 1 MP Camera Component Weight
Power_One_MP2=5.4; % 1 MP Camera Component Power consumption

% ANNNNNNNNNNNNNNNNNNNNNNNND M ega Pixel CameraM A AANAANNANNNNNNNNNNNN

%MANUFACTURER 1: 2 MP Camera Module

Two_MP1=SMS_SUB(75); %2 MP Discrete Choice variable
Cost_Two_MP1=11.75; %2 MP Camera Component Cost
Weight_Two_MP1=14.7; % 2 MP Camera Component Weight
Power_Two_MP1=5.9; % 2 MP Camera Component Power consumption

%MANUFACTURER 2: 2 MP Camera Module

Two_MP2=SMS_SUB(76); %2 MP Discrete Choice variable
Cost_Two_MP2=12.33; %2 MP Camera Component Cost
Weight_Two_MP2=15.1; % 2 MP Camera Component Weight
Power_Two_MP2=6.1; % 2 MP Camera Component Power consumption

% MP3 Modules

%MANUFACTURER 1: MP3 Module

MP3_1=SMS_SUB(77); % MP3 Discrete Choice variable
Cost_MP3_1=9.75; % MP3 Component Cost
Weight_MP3_1=8.43; %MP3 Component Weight
Power_MP3_1=5.7; % MP3 Component Power consumption

%MANUFACTURER 2: MP3 Module

MP3_2=SMS_SUB(78); % MP3 Discrete Choice variable
Cost_MP3_2=8.22; % MP3 Component Cost

Weight_MP3 2=7.22; %MP3 Component Weight
Power_MP3_2=5.9; % MP3 Component Power consumption

%MANUFACTURER 3: MP3 Module

MP3_3=SMS_SUB(79); % MP3 Discrete Choice variable
Cost_MP3_3=9.6; % MP3 Component Cost
Weight_MP3_3=9.93; %MP3 Component Weight
Power_MP3_3=5.5; % MP3 Component Power consumption

%MANUFACTURER 4: MP3 Module

MP3_4=SMS_SUB(80); % MP3 Discrete Choice variable
Cost_MP3_4=9.2; % MP3 Component Cost
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Figure 9.8: Engineering Design Constraints (cont.)
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Weight_MP3_4=1.3; %MP3 Component Weight
Power_MP3_4=4_3; % MP3 Component Power consumption

% Module for Internet Capabilities

%MANUFACTURER 1: Internet Module
INT_1=SMS_SUB(81); % INT Discrete Choice variable
Cost_INT_1=4_.2; % INT Component Cost
Weight_INT_1=10.8; %INT Component Weight
Power_INT_1=4_7; % INT Component Power consumption

%MANUFACTURER 2: Internet Module
INT_2=SMS_SUB(82); % INT Discrete Choice variable
Cost_INT_2=3.72; % INT Component Cost
Weight_INT_2=11.4; %INT Component Weight
Power_INT_2=5.1; % INT Component Power consumption

% Graphics Module for Games
%MANUFACTURER 1: GAMES Module
GAMES1=SMS_SUB(83); % GAMES Discrete Choice variable
Cost_GAMES1=6.25; % GAMES Component Cost
Weight_GAMES1=11.8; % GAMES Component Weight
Power_GAMES1=9.3; % GAMES Component Power consumption

%MANUFACTURER 2: GAMES Module

GAMES2=SMS_SUB(84); % GAMES Discrete Choice variable
Cost_GAMES2=6.1; % GAMES Component Cost
Weight_GAMES2=9.6; % GAMES Component Weight
Power_GAMES2=8.2; % GAMES Component Power consumption

%MANUFACTURER 3: GAMES Module

GAMES3=SMS_SUB(85); % GAMES Discrete Choice variable
Cost_GAMES3=5.95; % GAMES Component Cost
Weight_GAMES3=11.5; % GAMES Component Weight
Power_GAMES3=8.5; % GAMES Component Power consumption

% SMS TEXT CAPABLE PHONE
%MANUFACTURER 1: SMS Module
SMS=SMS_SUB(86); % SMS Discrete Choice variable
Cost_SMS=4_.75; % SMS Component Cost
Weight_SMS=12.5; % SMS Component Weight
Power_SMS=2.1; % SMS Component Power consumption
SMS_Key_Tol=40;

YprHHxxxxxxxx**0Overall Architecture Design Variables
Total_Cost=SMS_SUB(87); %Total Product Architecture Cost
Total_Weight=SMS_SUB(88);

B1=18.21; %Assumed cost of components not included in the model

Al1=14.74; %Unit pixel/Area based on standard phone specs TFT LCD
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Figure 9.8: Engineering Design Constraints (cont.)
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A2=5*10"-3; %TFT LCD manufacturing cost/unit volume
A3=0.04; %TFT LCD Unit weight
A4=0.01; %TFT battery consumption per unit resolution

A5=19.62; %Unit pixel/Area based on standard phone specs OLED LCD
A6=8*10"-3; %OLED LCD manufacturing cost/unit volume

A7=0.03; %OLED LCD Unit weight

A8=0.03; %OLED battery consumption per unit resolution

NIMH_Const1=0.021374687; %BATTERY CONSTANTS
NIMH_Const2=0.000379288; %NIMH Cost Constant
NIMH_Const3=9.38e-4; %NIMH Weight Constant

LION_Const1=0.043186444; %BATTERY CONSTANTS
LION_Const2=0.000803447; %LION Cost Constant
LION_Const3=8.83e-4; %LION Weight Constant

SHELL_Const1=2.29e-4; %Shell phone unit Cost/volume
SHELL_Const2=5.1e-4; %Shell phone unit Weight/volume

FLIP_Constl=1.47e-4;%Flip phone unit Cost/volume
FLIP_Const2=4_9e-4;%Flip phone unit Weight/volume

YANANNANNNNNNNNNNANNNNNNNNNNNCONS TRA | NTSANNAAANNNANNNNNNNNNNANNNNNNNNNNNNNNNN

% TFT LCD
h1=(A1*LCD_length*LCD_width)-LCD_res; %LCD resolution
h2=(A2*LCD_length*LCD_width)-Cost LCD ; %LCD Manufacturing Cost
h3=(A3*LCD_length*LCD_width)-Weight_LCD; %LCD component Weight
g1=LCD_length-(0.60*SHELL*Length_SHELL+0.60*FLIP*Length_FLIP);

exceed a certain % of Phone length
g2=(0.30*SHELL*Length_SHELL+0.30*FLIP*Length_FLIP)-LCD_length;

certain % of Phone length
g3=LCD_width-0.90*(SHELL*Width_SHELL+FLIP*Width_FLIP);

exceed a certain % of Phone length
g4=0.7*(SHELL*Width_SHELL+FLIP*Width_FLIP)-LCD_width;

certain % of Phone length
h4=(A4*LCD_length*LCD_width)-Power_LCD;

consumption based on size

%Length cannotv
%Length is >«
%Width cannote
%Width is >«

%TFT LCD batteryv

% OLED LCD
h5=(A5*0LED_length*OLED_width)-OLED_res; %OLED resolution
h6=(A6*0LED_length*OLED_width)-Cost_OLED ; %OLED Manufacturing Cost
h7=(A7*0LED_length*OLED_width)-Weight OLED; %OLED component Weight
g5=0LED_length-(0.60*SHELL*Length_SHELL+0.60*FLIP*Length_FLIP);

exceed a certain % of Phone length
g6=(0.30*SHELL*Length_SHELL+0.30*FLIP*Length_FLIP)-OLED_length;

certain % of Phone length
g7=0OLED_width-0.90*(SHELL*Width_SHELL+FLIP*Width_FLIP);

exceed a certain % of Phone length
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g8=0.7*(SHELL*Width_SHELL+FLIP*Width_FLIP)-OLED_width; %Width is >«
certain % of Phone length
h8=(A8*0LED_length*OLED_width)-Power_OLED; %OLED battery consumption based on size

% NIMH BATTERY Capacity Caculation
h9=Capacity_NIMH-((NIMH_Constl*(Length_NIMH*Width_NIMH*Thickness_NIMH)));

g9= (TALK_TIME*(Mbyte_32_1*Power_32MBl+Mbyte 32 2*Power_32MB2+Mbyte_32_3*Power_32MB3. ..
+Mbyte_64_1*Power_64MBl+Mbyte_ 64 2*Power_64MB2+Mbyte_64_3*Power_64MB3. ..
+MSP1*Power_MSP1+MSP2*Power_MSP2+MSP3*Power_MSP3+MSD1*Power_MSD1+MSD2*Power_MSD2. . .
+MSD3*Power_MSD3+GB1HD_1*Power_GB1HD_1+GB1HD_2*Power_GB1HD_2+GB1HD_3*Power_GB1HD_3...
4
+GB2HD_1*Power_GB2HD_1+GB2HD_2*Power_GB2HD_2+GB2HD_3*Power_GB2HD_3+BT*Power_BT+WF*Power_WF ¢
+IR*Power_IR. ..
+MI1C1*Power_MIC1+MIC2*Power_MIC2+EP1*Power_EP1+EP2*Power_EP2+EP3*Power_EP3. ..
+AJ1*Power_AJ1+AJ2*Power_AJ2+ES1*Power_ES1+ES2*Power_ES2+ES3*Power_ESS. ..
+LCD*Power_LCD+OLED*Power_OLED+One_MP1*Power_One_MP1+One_MP2*Power_One_MP2+ ¢
Two_MP1*Power_Two_MP1. ..
+Two_MP2*Power_Two_MP2+ MP3_1*Power_MP3_1+MP3_2*Power_MP3_2+MP3_3*Power_ MP3 3...
+MP3_4*Power_MP3_4+INT_1*Power_INT_1+INT_2*Power_INT_2+GAMES1*Power_GAMES1. ..
+GAMES2*Power_GAMES2+GAMES3*Power_GAMES3+SMS*Power_SMS))-Capacity_ NIMH;

Y% LION BATTERY Capacity Caculation
h10=Capacity_LION-((LION_Constl*(Length_LION*Width_LION*Thickness_LION)));

g10=(TALK_TIME*(Mbyte_32_1*Power_32MBl+Mbyte_ 32_2*Power_32MB2+Mbyte_32_3*Power_32MB3. ..
+Mbyte_64_1*Power_64MBl+Mbyte_ 64 2*Power_64MB2+Mbyte_64_3*Power_64MB3. ..
+MSP1*Power_MSP1+MSP2*Power_MSP2+MSP3*Power_MSP3+MSD1*Power_MSD1+MSD2*Power_MSD2. . .
+MSD3*Power_MSD3+GB1HD_1*Power_GB1HD_1+GB1HD_2*Power_GB1HD_2+GB1HD_3*Power_GB1HD_3...
v
+GB2HD_1*Power_GB2HD_1+GB2HD_2*Power_GB2HD_2+GB2HD_3*Power_GB2HD_3+BT*Power_BT+WF*Power_WF ¥
+IR*Power_IR. ..
+MIC1*Power_MIC1+MIC2*Power_MIC2+EP1*Power_EP1+EP2*Power_EP2+EP3*Power_EP3. ..
+AJ1*Power_AJ1+AJ2*Power_AJ2+ES1*Power_ES1+ES2*Power_ES2+ES3*Power_ES3. ..
+LCD*Power_LCD+OLED*Power_OLED+One_MP1*Power_One_MP1+One_MP2*Power_One_MP2+ ¥
Two_MP1*Power_Two_MP1. ..
+Two_MP2*Power_Two_MP2+ MP3_1*Power_MP3_1+MP3_2*Power_MP3_2+MP3_3*Power_MP3_3...
+MP3_4*Power_MP3_4+INT_1*Power_INT_1+INT_2*Power_INT_2+GAMES1*Power_GAMES1. ..
+GAMES2*Power_GAMES2+GAMES3*Power_GAMES3+SMS*Power_SMS))-Capacity_LION;

g11=(NIMH*Length_NIMH+LION*Length_LI0N)-0.60*(SHELL*Length_SHELL+FLIP*Length_SHELL); % ¥
Battery Length must be less than a certain % of cell phone

gl2=(NIMH*Width_NIMH+LION*Width_LION)-0.95*(SHELL*Width_SHELL+FLIP*Width_FLIP);%Battery v
Width must be less than a certain % of cell phone

g13=(NIMH*Thickness_NIMH+LION*Thickness_LION)-0.45*«
(SHELL*Thickness_SHELL+FLIP*Thickness_FLIP);% Battery thickness must be less than %

% BATTERY Talk Time Caculation
h11=TALK_TIME-(NIMH*((0.0053*(Capacity_ NIMH))+0.0269)+ (LION*((0.0061*(Capacity_ LION)) ¥
+0.1667)));
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Y% BATTERY Cost Caculation
h12=((NIMH_Const2*(Length_NIMH*Width_NIMH*Thickness_NIMH))-Cost_NIMH);
h13=((LION_Const2*(Length_LION*Width_LION*Thickness_LION))-Cost_LION);

% BATTERY Weight Caculation
h14=((NIMH_Const3*(Length_NIMH*Width_NIMH*Thickness_NIMH))-Weight_NIMH);
h15=C(LION_Const3*(Length_LION*Width_LION*Thickness_LION))-Weight_LION);

% CELL PHONE DESIGN CONSTRAINTS
h16=(SHELL_Constl*Length_SHELL*Width_SHELL*Thickness_SHELL)-Cost_SHELL;
h17=(FLIP_Constl*Length_FLIP*Width_FLIP*Thickness_FLIP)-Cost_FLIP;
h18=(SHELL_Const2*Length_SHELL*Width_SHELL*Thickness_SHELL)-Weight_SHELL;
h19=(FLIP_Const2*Length_FLIP*Width_FLIP*Thickness_FLIP)-Weight_FLIP;

% Constraint for cost of Product Platform
h20=Total_Cost-(B1l+Mbyte_32_1*Cost_32MBl+Mbyte 32 2*Cost_32MB2+Mbyte_32_3*Cost_32MB3...
+Mbyte_64_1*Cost_64MBl1+Mbyte_64_ 2*Cost_64MB2+Mbyte_64_3*Cost_64MB3. ..
+MSP1*Cost_MSP1+MSP2*Cost_MSP2+MSP3*Cost_MSP3+MSD1*Cost_MSD1+MSD2*Cost_MSD2. ..
+MSD3*Cost_MSD3+GB1HD_1*Cost_GB1HD_1+GB1HD_ 2*Cost_GB1HD_2+GB1HD_3*Cost_GB1HD 3...
+GB2HD_1*Cost_GB2HD_1+GB2HD_2*Cost_GB2HD_ 2+GB2HD_3*Cost_GB2HD_ 3+SHELL*Cost_SHELL. . .
+FLIP*Cost_FLIP+NIMH*Cost_NIMH+LION*Cost_LION+BT*Cost_BT+WF*Cost_WF+IR*Cost_IR. ..
+MIC1*Cost_MIC1+MIC2*Cost_MIC2+EP1*Cost_EP1+EP2*Cost_EP2+EP3*Cost_EP3. ..
+AJ1*Cost_AJ1+AJ2*Cost_AJ2+ES1*Cost_ES1+ES2*Cost_ES2+ES3*Cost_ES3. ..
+LCD*Cost_LCD+OLED*Cost_OLED+One_MP1*Cost_One_MP1+0One_MP2*Cost_One_MP2+ ¢
Two_MP1*Cost_Two_MP1...

+Two_MP2*Cost_Two_MP2+ MP3_1*Cost_MP3_1+MP3_2*Cost_MP3_2+MP3_3*Cost_MP3_3...
+MP3_4*Cost_MP3_4+INT_1*Cost_INT_1+INT_2*Cost_INT_2+GAMES1*Cost_GAMES1. ..
+GAMES2*Cost_GAMES2+GAMES3*Cost_GAMES3+SMS*Cost_SMS) ;

h21= Total_Weight-«¥
(Mbyte_32_1*Weight_32MB1l+Mbyte_32_2*Weight_32MB2+Mbyte_32_3*Weight_32MB3...
+Mbyte_64_1*Weight_64MBl+Mbyte 64 2*Weight_ 64MB2+Mbyte 64 3*Weight_64MB3. ..
4
+MSP1*We i ght_MSP1+MSP2*Weight_MSP2+MSP3*Weight_MSP3+MSD1*Weight_MSD1+MSD2*Weight_MSD2. . .
4
+MSD3*Weight_MSD3+GB1HD_1*Weight GB1HD_1+GB1HD_2*Weight GB1HD_2+GB1HD_3*Weight GB1HD_3...
4
+GB2HD_1*Weight_GB2HD_1+GB2HD_2*Weight_GB2HD_2+GB2HD_3*Weight_GB2HD_3+SHELL*Weight_ SHELL.. v

v
+FLIP*Weight_FLIP+NIMH*Weight_NIMH+LION*Weight_LION+BT*Weight BT+WF*Weight_WF+IR*Weight_IR v
+MIC1*Weight_MIC1+MIC2*Weight_MIC2+EP1*Weight_EP1+EP2*Weight_ EP2+EP3*Weight_EP3...
+AJ1*Weight_AJ1+AJ2*Weight_AJ2+ES1*Weight ES1+ES2*Weight_ ES2+ES3*Weight ES3...
+LCD*Weight_LCD+OLED*Weight_OLED+One_MP1*Weight_One_MP1+One_MP2*Weight_One_MP2+ «
Two_MP1*Weight_Two_MP1...
+Two_MP2*Weight_Two_MP2+MP3_1*Weight_MP3_1+MP3_2*Weight_MP3_2+MP3_3*Weight_MP3_3...
+MP3_4*Weight_MP3_4+INT_1*Weight_ INT_1+INT_2*Weight_ INT_2+GAMES1*Weight_ GAMES1...
+GAMES2*Weight_GAMES2+GAMES3*Weight_GAMES3+SMS*Weight_SMS);
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0
(I

SMS_SUB(1)=Mbyte 32 1;
SMS_SUB(2)=Mbyte 32 2;
SMS_SUB(3)=Mbyte_32_3;
SMS_SUB(4)=Mbyte 64 1;
SMS_SUB(5)=Mbyte_64_2;
SMS_SUB(6)=Mbyte 64 3;

SMS_SUB(7)=MSP1;
SMS_SUB(8)=MSP2;
SMS_SUB(9)=MSP3;
SMS_SUB(10)=MSD1;
SMS_SUB(11)=MSD2;
SMS_SUB(12)=MSD3;

SMS_SUB(13)=GB1HD 1;
SMS_SUB(14)=GB1HD_2;
SMS_SUB(15)=GB1HD_3;
SMS_SUB(16)=GB2HD_1;
SMS_SUB(17)=GB2HD_2;
SMS_SUB(18)=GB2HD_3;

SMS_SUB(19)=SHELL; % Discrete choice variable: Shell Phone design
SMS_SUB(20)=Length_SHELL; % Phone length

SMS_SUB(21)=Width_SHELL; % Phone width
SMS_SUB(22)=Thickness_SHELL ;% Phone Thickness
SMS_SUB(23)=Weight_SHELL;% Cell Phone Weight
SMS_SUB(24)=Cost_SHELL ;% Cell Phone Cost

SMS_SUB(25)=FLIP; % Discrete choice variable: Flipe Phone design
SMS_SUB(26)=Length_FLIP; % Phone length

SMS_SUB(27)=Width_FLIP; % Phone width
SMS_SUB(28)=Thickness_FLIP;% Phone Thickness
SMS_SUB(29)=Weight_FLIP;% Cell Phone Weight
SMS_SUB(30)=Cost_FLIP;% Cell Phone Cost

% = mmmmmmmmmmmmm e Nickel Metal Hydride (NIMH)-----———————cemmme—
SMS_SUB(31)=NIMH; %NIMH Discrete Variable

SMS_SUB(32)=Weight_NIMH; % Battery Weight

SMS_SUB(33)=Length_NIMH ; % Battery Length

SMS_SUB(34)=Width_NIMH; %Battery Width

SMS_SUB(35)=Thickness_NIMH; %Battery Thickness

SMS_SUB(36)=Cost_NIMH; % Battery Cost

SMS_SUB(37)=Capacity_NIMH; % Battery Capacity

% = —mmmmmmm Lithium lon (LI-ION)-—-—————————— o

SMS_SUB(38)=LION; %LION Discrete Variable
SMS_SUB(39)=Weight_LION; % Battery Weight
SMS_SUB(40)=Length_LION ; % Battery Length
SMS_SUB(41)=Width_LION; %Battery Width
SMS_SUB(42)=Thickness_LION; %Battery Thickness
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SMS_SUB(43)=Cost_LION; % Battery Cost
SMS_SUB(44)=Capacity_LION; % Battery Capacity
SMS_SUB(45)=TALK_TIME; % Battery Talk Time

SMS_SUB(46)=BT;
SMS_SUB(47)=WF;
SMS_SUB(48)=IR;

SMS_SUB(49)=MIC1;
SMS_SUB(50)=MIC2;

SMS_SUB(51)=EP1;
SMS_SUB(52)=EP2;
SMS_SUB(53)=EP3;

SMS_SUB(54)=AJ1;
SMS_SUB(55)=AJ2;

SMS_SUB(56)=ES1;
SMS_SUB(57)=ES2;
SMS_SUB(58)=ES3;

SMS_SUB(59)=LCD; % TFT LCD Discrete Choice variable
SMS_SUB(60)=LCD_length; % Length of LCD
SMS_SUB(61)=LCD_width; % Width of LCD
SMS_SUB(62)=LCD_res; % Display Resolution
SMS_SUB(63)=Cost_LCD; % LCD manufacturing cost
SMS_SUB(64)=Weight_LCD; % LCD Unit weight
SMS_SUB(65)=Power_LCD; % Battery Consumption;

SMS_SUB(66)=0LED; % OLED Discrete Choice variable
SMS_SUB(67)=0LED_length; % Length of OLED
SMS_SUB(68)=0LED_width; % Width of OLED
SMS_SUB(69)=0LED_res; % Display Resolution
SMS_SUB(70)=Cost_OLED; % OLED manufacturing cost
SMS_SUB(71)=Weight_OLED; % OLED Unit weight
SMS_SUB(72)=Power_OLED; % Battery Consumption;

SMS_SUB(73)=0ne_MP1;
SMS_SUB(74)=One_MP2;

SMS_SUB(75)=Two_MP1;
SMS_SUB(76)=Two_MP2;

SMS_SUB(77)=MP3_1;
SMS_SUB(78)=MP3_2;
SMS_SUB(79)=MP3_3;
SMS_SUB(80)=MP3_4;
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load X _ALL2_1.mat X_ALL2 1 -ascii ;

global target_SUB,count;
%Starting Point
x0(1:88)=X_ALL2_1(1:88);

%Variable Lower Bounds

vi(1)=0; vI(11)=0; vI(21)=40;
vi(70)=0; vi1(80)=0;
vi(2)=0; vI(12)=0; vi(22)=12;
vi(71)= 0; vi(81)=0;
vi(3)=0; vI(13)=0; vi(23)=0;
vi(72)= 0; v1(82)=0;
vi(4)=0; vi(14)=0; vI(24)=0;
v1(73)=0; v1(83)=0;
vi(5)=0; vI(15)=0; vI(25)=0;
vIi(74)=0; v1(84)=0;
vi(6)=0; vI(16)=0; vI(26)=100;
vI(75)=0; vI1(85)=0;
vi(7)=0; vI(17)=0; vi(27)=45;
vi(76)=0; vi1(86)=0;
vi(8)=0; vI(18)=0; vi(28)=12;
vi(77)=0; vi(87)=0;
vi(9)=0; vI(19)=0; vi(29)=0;
vi(78)=0; vi1(88)=0;
vi(10)=0; vI1(20)=80; vI(30)=0;
vI1(79)=0;

%Variable Upper Bounds

vu(1)=1; wvu(11)=1; wvu(21)=70;
vu(70)=60; vu(80)=1;
vu(2)=1; wvu(12)=1; vu(22)=25;
vu(71)= 40; vu(81)=1;
vu(3)=1; wvu(13)=1; vu(23)=40;
vu(72)= 30; vu(82)=1;
vu(4)=1; vu(14)=1; wvu(24)=35;
vu(73)=1; vu(83)=1;
vu(5)=1; wvu(15)=1; wvu(25)=1;
vu(74)=1; vu(84)=1;
vu(6)=1; wvu(16)=1; wvu(26)=160;
vu(75)=1; vu(85)=1;
vu(7)=1; wvu(17)=1; vu(27)=70;
vu(76)=1; vu(86)=1;
vu(8)=1; vu(18)=1; vu(28)=25;
vu(77)=1; vu(87)=400;
vu(9)=1; vu(19)=1; vu(29)=40;
vu(78)=1; vu(88)=1000;
vu(10)=1; vu(20)=120; vu(30)=50;

=30000;

vu(79)=1;

vi(31)=0; vI(40)=0;  vI(50)=0; v1(60)=0; ¥
vI(32)=0; vI(41)=0;  vI(51)=0;  vI(61)=0; v
vI(33)=0; VvI(42)=0; vI(52)=0;  VvI(62)=5000; ¥
vI(34)=0;  vI(43)=0; vI(53)=0;  VvI(63)=0; ¢
vI(35)=0;  vI(44)=200; vI(54)=0;  vI(64)=0;«¢
vI(36)=0; vI(45)=0; vI(55)=0; v1(65)=0; ¥
vI(37)=300; vI(46)=0;  vI(56)=0; v1(66)=0; ¥
vI1(38)=0; vI(47)=0;  vI(57)=0; vI(67) =0; ¢
v1(39)=0; v1(48)=0; vI(58)=0;  VvI(68) =0;«
vI(49)=0;  VvI(59)=0;  VvI(69) =5000; ¢
vu(31)=1; vu(40)=80;  wvu(50)=1; vu(60)=70; ¢
vu(32)=50; vu(41)=60;  wvu(51)=1;  vu(61)=50; ¥
vu(33)=80;  vu(42)=30; vu(52)=1;  vu(62)=30000; ¥
vu(34)=60;  vu(43)=100; vu(s3)=1;  vu(63)=60; ¥
vu(35)=30;  vu(44)=3000; vu(54)=1;  vu(64)=40; ¢
vu(36)=100;  vu(45)=15; vu(55)=1; vu(65)=30; ¥
vu(37)=3000; vu(46)=1;  vu(56)=1; vu(66)=1; ¢
vu(38)=1; Vu(47)=1;  vu(57)=1; vu(67) =70; ¢
vu(39)=50;  vu(48)=1; vu(58)=1;  vu(68) =50; ¢
vu(49)=1;  vu(59)=1;  vu(69) ¥
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