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Abstract
Our research is motivated by the need for developing an approach to demand modeling
that is critical for assessing the profit a product can bring under the Decision-Based
Design framework. Even though demand modeling techniques exist in market research,
little work exists on demand modeling that addresses the specific needs of engineering
design, in particular that facilitates engineering decision-making. In this work we
enhance the use of discrete choice analysis (DCA) to demand modeling in the context of
Decision-Based Design.

The consideration of a hierarchy of product attributes is

introduced to map customer desires to engineering design attributes related to
engineering analyses. To improve the predictive capability of demand models, the Kano
method is employed to provide the econometric justification when selecting the shape of
the customer utility function. A (passenger) vehicle engine case study, developed in
collaboration with the market research firm J.D. Power & Associates and the Ford Motor
Company, is used to demonstrate the proposed approaches.
Key words: decision-based design, demand modeling, discrete choice analysis, vehicle
design, engine design, Kano method, hierarchy of attributes, customer utility
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INTRODUCTION

Decision-Based Design (DBD) is emerging as a rigorous approach to engineering design
that recognizes the substantial role that decisions play in design and in other engineering
activities, which are largely characterized by uncertainty and risk [1-6]. It should be
noted that there exist differing views about the implementation of DBD. Not all existing
approaches are considered correct and thus should be taken with caution. The DBD
optimization seeks to maximize the expected utility (value1) of a designed artifact while
considering the interests of both the producer and the end-users [1,2]. Although there is
general consensus that for a profit-driven company, the value of a product should be a
measure of the profit2 it brings, there exist concerns on using profit as the single criterion
in DBD because of the belief that profit seems too difficult to model. Related to the
notion of enterprise-driven product design, one difficulty is the construction of a reliable
product demand model that is critical for assessing the revenue, the total product cost,
and eventually the profit. Even though demand modeling techniques exist in market
research, little work addresses the specific needs of engineering design, in particular that
facilitates engineering decision-making.
In market research, two major demand analysis techniques, Discrete Choice
Analysis (DCA) and Conjoint Analysis are being used to capture customer choice
behavior. DCA is based on probabilistic choice models, which were originated in
mathematical psychology [7-10] and developed in parallel by economists and cognitive
psychologists. DCA identifies patterns in choices customers make between competing
products and generates the probability that an option is chosen. Conjoint Analysis (CA)
[11-13] is an approach that determines the preference structure (a multiattribute utility
function) of (classes of) consumers, which can be used to predict the demand as function
of the product features (attributes). Though conjoint analysis remains a popular approach,
DCA is seen by some as an evolutionary improvement (Riedesel, http://www.actionresearch.com/compare.htm; [14]). Among the advantages of DCA are: more freedom
when formulating the survey questions; fewer problems with the degrees of freedom; a
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We use the notion “expected utility” in this paper as it stands for the selection criterion in the presence of
uncertainty, while the “value” is often interpreted as a selection criterion without uncertainty.
2
Profit is a result of accounting practices such as depreciation, which need not be related to engineering
design. Therefore, with profit is meant net revenue, i.e., the difference between revenue and expenditure.
The net revenue can be discounted to present value.
2

more natural task for the survey respondent; and the ability to handle more customeroriented design attributes.
Demand analysis in market research is limited, focused on feature upgrades,
packaging, product placement, etc., and regularly not intended to guide engineering
design decisions. Applications of DCA for demand estimation has been seen in
transportation engineering [15], however, very little research on demand analysis exists
in the field of engineering design. One is the S-Model Approach proposed by Cook [17,
18], of which the key concept is the Taylor expansion about a reference point where the
value and price of all products are identical, resulting in equal demand for each product.
Li and Azarm proposed the Comparing Multi-attribute Utility Values Approach [16] and
later a Customer Expected Utility Approach [19]. The former approach estimates the
demand by comparing multi-attribute utility values obtained through conjoint analysis,
while the latter approach assumes that the customer purchases a product when the
product attributes satisfy certain limits (thresholds). It should be noted that some of the
approaches above have limitations [20] when the assumptions made are not reasonable.
In addition, it may not be possible to predict a customer’s choice with certainty, therefore
a more sophisticated approach is required such as the probabilistic choice theory [8]. In
our previous work [2], we enhanced the DBD framework originally proposed by
Hazelrigg [1] and proposed a discrete choice analysis (DCA) based approach to demand
modeling. We found that the disaggregate demand models built from DCA use data of
individuals instead of group averages, which enables a more accurate capturing of the
variation of characteristics of individuals and avoids paradox associated with group
decision-making.
Even though we have demonstrated the usefulness of DCA for demand analysis in
engineering design [2], there are still many important research issues to be addressed
before the method can be fully applied and used with confidence. First, more guidelines
need to be provided to assist designers when applying the DCA approach to demand
modeling that facilitates engineering decision-making, especially in the design of
complex engineering systems. The mapping of customer desires to engineering design
attributes related to engineering analyses needs to be addressed and the procedure should
enable designers to focus the demand survey on specific features of the product without
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harming the consistency of the demand analysis at the system level of a product.
Secondly, a method for selecting the form of the customer utility function should be
provided so that the construction of a demand model is based on sound econometric
reasoning instead of simple (mathematical) model fitting. A mathematical model may fit
the data well however may not capture the true underlying purchase behavior and
therefore its value in predicting demand may be poor.
In this work, we provide detailed guidelines for demand modeling that facilitates
engineering decision-making. To bridge the gap between business and engineering, a
hierarchy of product attributes is considered to map product feature related customer
desires down to engineering design attributes that can be represented using engineering
languages. We also present an approach for selecting the form of a customer (choice)
utility function of demand analysis to enhance the predictive accuracy. The proposed
approaches are demonstrated using a real (passenger) vehicle engine case study in
collaboration with the market research firm J.D. Power & Associates and the Ford Motor
Company. Before presenting our proposed methods, the necessary background of DBD,
DCA, and the Kano method are first introduced.
2

TECHNICAL BACKGROUND

2.1 The Decision-Based Design Framework
The flowchart of the DBD framework that we proposed [2] as an enhancement to the
Hazelrigg’s DBD framework is shown in Fig. 1. The arrows in the flowchart indicate the
existence of relationships between the different entities (parameters) in DBD, instead of
showing the sequence of implementing DBD. One of our major contributions lies in
introducing Discrete Choice Analysis as a systematic approach to establish the
relationship between the customer-oriented design attributes A, the socioeconomic and
demographic background S of the market population, time t, and the demand Q. In this
flow chart, the engineering design attributes E are any quantifiable product properties
that are used in the product design process by a design engineer, represented as functions
of design options X through engineering analysis. The customer-oriented design
attributes A are product features and financial attributes (such as service and warranty)
that a customer typically considers when purchasing the product. From the demand
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modeling perspective, the input A of a demand model could be either quantifiable or nonquantifiable (e.g., level of comfort). However, to assist engineering decision-making, the
product feature related customer-oriented design attributes A need to be converted to
quantifiable engineering design attributes E represented using engineering languages (see
more details in Section 3.1). The engineering design attributes E may also include non
customer-oriented design attributes that are only of interest to design engineers, e.g.,
stress level of a structure. The flow chart in Figure 1 coincides with an optimization loop
that identifies the best design option X to maximize the expected utility. For enterprisewide product design, Design Options X may include non-engineering related design
options, e.g., warranty options, which have no relationship with the engineering design
attribute E, but will have a direct impact on some customer-oriented design attributes A
(in this case the warranty feature).

Exogenous
Variables Y

Choose X and price P
to maximize E( U)
subject to constraints

Total
Product Cost
C(X,Y,Q, t )
Design
Options X

LEGEND

Engineering
Design
Attributes E

Customeroriented
Attributes A

Custo mer
Preferences

Identification
of
Attributes

Entity

Discrete
Choice
Analysis

Demand
Q(A, S, P, t )
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V(Q, C , P, Y, t)

Utility
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U(V)

Market Data
S(t)
Corporate
Interests I

Event
Arrows indicate influences

Expected
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Risk Attitude

Figure 1. Decision-Based Design flowchart [2]
2.2 Background of Discrete Choice Analysis
DCA identifies patterns in choices customers make between competing products and
generates the probability that an option is chosen. A key concept of DCA is to estimate
the customer’s (choice) utility at the individual level, employing the probabilistic choice
theory to address unobserved taste variations, unobserved attributes, and model
deficiencies. A quantitative process based on multinomial analysis is used to generate the
demand model. The probabilistic choice theory entails the assumption that the
5

individual’s true utility U can be estimated using a deterministic utility W supplemented
with a random disturbance ε (see Eq. 1). The deterministic part can be parameterized as a
function of observable independent variables (customer-oriented design attributes A,
socioeconomic and demographic attributes S, and price P) and unknown coefficients β,
which can be estimated by observing the choices respondents make (real or stated) and
thus represent the respondent’s taste, see Eq. 2. The β-coefficients and utility functions
are indicated with the subscript n, representing the nth respondent, the index i refers to the
i-th choice alternative.
U in = Win + ε in

(1)

Win = f ( Ai , Pi , S n ; β n )

(2)

The probability that alternative 1 is chosen from a choice set containing two
alternatives (binary choice) is then defined as the probability that the utility of alternative
1 exceeds the utility of alternative 2 or alternatively, on the probability that the difference
between the disturbances does not exceed the difference of the deterministic parts of the
utility, i.e.

Pr(1)[1,2] = Pr(W1n +ε1n ≥ W2n +ε 2n )

(3)

= Pr( ε 2 n − ε 1n ≤ W 1n − W 2 n )

Depending on the assumed distribution of the random disturbance ε different choice
models can be formed. Assuming a normal distribution of the disturbance ε leads to the
probit choice model [21, 22] and an extreme value (Gumbel) distribution results in the
logit choice model [2, 15, 22] that predicts the choice probabilities.

The choice

probability of the multinomial logit model is shown in Eq. 4, where Prn(i) denotes the
estimated probability that respondent n chooses alternative i.

Prn (i ) =

W
in

e
J

∑e
l =1

W
ln

(4)
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Estimation techniques such as the maximum likelihood method can be used to
determine the β-coefficients such that the predictions of the model matches the observed
choices as closely as possible. The total demand for a particular design i is the summation
of the predicted choice probabilities across the choice alternatives for the entire market
population [15].
As stated in the introduction, DBD is developed to perform in design
environments characterized by uncertainty and risk. Multiple sources of uncertainty can
be accounted for in DCA. Probabilistic choice theory [8] addresses the uncertainty in
predicting a customer’s choice through the assumption of the random disturbance (ε) in
the model of the customer’s utility. Confidence interval analysis can be used to quantify
the uncertainty associated with demand estimation. DCA models can also consider
uncertainty in design options X through simulation in which the distribution of the
uncertain design option is assessed. Uncertainty in exogenous variables Y and market
data S can be considered in a similar way. The distribution of demand estimates that
results from all uncertainties is included in the determination of the optimal design in the
DBD framework through the (normative) utility function of the decision-maker U(V), see
Fig. 1.
2.3 Kano Method
Traditional market analysis often assumes that customer satisfaction is proportional to
product performance, i.e., linear. The Kano method [23], introduced in the late 1970s by
Dr. Noriaki Kano of Tokyo Rika University, provides an approach to determine the
generalized shape of the relation between product performance and customer satisfaction

by classifying the customer-oriented attributes into three distinctive categebe conscustomtegebo8c-0.ming-
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reason that the customer does not expect them. For instance, the oil-change interval, a
(unexpected) long interval may be expected to significantly increase satisfaction.
Attributes are thought to move over time from excitive to basic to must-be. For example,
cupholders were once excitive when first introduced but are now expected and their
absence leads to great dissatisfaction.
Customer
satisfaction
- 6000 mile oil
change
excitive

basic
- gas mileage
product
performance
must-be
- good brakes
- no unusual engine
noise

Figure 2. Example of Kano Diagram
The Kano method is frequently used in the literature to rank order the attributes
according to their importance to determine where to focus the engineering effort to
maximize customer satisfaction. In our view, it is wrong to attempt to rank order
attributes based on the responses from a group of consumers due to the paradox
associated with aggregating the preference of a group of individuals [24]. We believe
that Kano’s Method only allows a qualitative assessment of product attributes, i.e., the
shape of the curves. In this work, we propose to enhance the predictive capability of
DCA by using the Kano method to assess the generalized shape of the customer utility
functions, Win in Eq. 2. Doing so provides guidance to the demand modeling specialist in
capturing the true customer behavior, improving explanatory power and predictive
accuracy of demand models. In the next section we detail how an approach for demand
modeling that facilitates engineering decision-making can be implemented.
3

IMPLEMENTING DISCRETE CHOICE ANALYSIS FOR DEMAND
MODELING
From the demand modeling perspective, the input A (customer-oriented design

attributes) of a demand model could be either quantifiable or non-quantifiable (e.g., level
of comfort). However, to facilitate engineering decision-making, a demand model is
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expected to relate the market demand to engineering measures of product attributes that
can be used to guide product design decision-making. The mathematical construct of the
DCA approach to demand modeling was published in our earlier work [20]. In this
paper, we focus on the procedure for implementing DCA for product demand modeling
and discuss the potential issues involved in each phase of demand modeling. More
detailed descriptions can be found in [19]. Our discussion follows the sequence of the
four major phases for implementing DCA:
Phase I

Identify customer-oriented design attributes A, the range of price P and survey
choice set; (Attributes and Choice Set Identification)

Phase II Collect choice data of proposed designs versus alternative choice options and
record customers’ socioeconomic and demographic background S; (Data
Collection)
Phase III Create a model for demand estimation based on the probability of choice.
(Modeling)
Phase IV Use the demand model for market share and demand estimation (Demand
Estimation)
3.1

Phase I - Attributes and Choice Set Identification

A useful demand model requires that the selection of customer-oriented design attributes
A (explanatory variables) is based on econometric reasoning, that is, there should exist a
causal relationship between the attributes and the customer’s purchase decision. There are
several methods available to assess what customers desire, what product attributes
customers consider [25], and what competing alternatives should be considered in a
discrete choice survey. Focus groups [26] can be used for both existing products and
products that are new (e.g., innovative design).
Through surveys, the identified customer desires can be clustered together into
groups that share similar characteristics such as, cost, performance, safety, operability,
comfort, style, convenience, etc. These groups can be considered as “top-level customer
desires”. The next step is to identify for each customer desire what are the corresponding
customer-oriented design attributes A that can be used to describe the product either in a
product survey (stated preference) or in a product sales database (revealed preference).
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To facilitate engineering decision-making, the customer language of the customer desires
(e.g., good engine sound quality) should be translated into quantifiable engineering
language, i.e., to identify suitable units of measurement for each customer desire. This
task consists of cooperation between market researchers and engineering specialists, and
perhaps consultations with customers to verify the correct understanding of the customer
desires. It implies that a design engineer must develop a preliminary understanding of
the design and how the design can fulfill the customer desires. Identification of the
customer-oriented design attributes for some customer desires is straight forward, e.g.,
miles per gallon for fuel economy in vehicle design. For other customer desires this can
be quite complicated, e.g., vehicle style or engine sound quality. It is possible that
multiple attributes need to be used to capture the properties of a customer desire, while
one attribute can impact multiple customer desires. Figure 3 demonstrates how the toplevel customer desires are mapped to specific customer desires (in customer language),
and then to customer-oriented design attributes A, which are further related to
engineering design attributes E. The quantifiable customer-oriented design attributes A
become a subset of the engineering design attributes E; the later also also include
attributes that are of interest only to designers but not customers. Establishing such a
mapping relationship is especially important in the design of complex engineering
systems.
Demand modeling deals with the functional relationship between the market
demand (Q) and the customer-oriented design attributes A, along with the socioeconomic
background of customers S, price P, and the time factor t. To integrate the demand
model into the Decision-Based Design framework (see Figure 1), engineering analysis
(modeling) needs to be carried further to establish the relationship between design
options X and the customer-oriented design attributes A. During the engineering analysis
process, additional design attributes might be introduced as intermediate variables or
variables that impose physical restrictions on the design or impact the product cost. As
an example of mapping customer desires to specific design, we show at the right side of
Figure 3 that (low) engine sound while idling could be considered as a specific customer
desire that belongs to the group of (engine) performance, which is a product benefit.
Radiated sound and engine mount vibration can be considered as customer-oriented
design attributes for measuring the engine sound while idling.

At the next level,
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engineering models will consider other engineering design attributes such as main
bearing clearance, and crankshaft stiffness.

Quantifiable customer-oriented design

attributes A like radiated sound, engine mount vibration, and additional design attributes
like bearing clearance and crankshaft stiffness will all be considered as engineering
design attributes E, which are modeled as functions of design options such as crankshaft
material, pin diameter, and cheek thickness, through engineering analysis.

ENGINEERING ANALYSIS

DEMAND MODELING

Market demand
Q ( A , S ,P ,t )

Example
(engine design)

Top - level
customer
desires

product
benefits

perceived
cost

specific
customer
desires

performance,
reliability,
durability,
ease of use

acquisition,
usage cost,
maintenance,
disposal cost

Customer Oriented acceleration,
attributes
top speed,
A
service interval

price, apr,
energy usage,
resale value

service
benefits

…

product
benefit

…

availability,
delivery,
technical support
…

sound while
idling

…

warranty, return
policy,
service center

radiated
sound

Engineering Design
attributes E

Quantifiable customer-oriented attributes and other
measures of interest to design engineer, e.g., stress,

design
options X

system configurations, manufacturing process options,
material options, geometric shape …

crankshaft
stiffness

radiated
sound

crankshaft
material

Figure 3. Mapping top-level customer desires to design options
3.2

Phase II – Data Collection

Stated Choice Vs. Revealed Choice
There are two ways of collecting choice data: stated choice and revealed choice.
Revealed choice concerns actual (purchase) behavior that can be observed in real choice
situations. Stated choice concerns controlled choice experiments that ask the respondents
to state their intent without needing to commit to the consequence of their decision (e.g.,
pay the purchase price). Revealed choice can be used when similar products or services
exist (e.g., when redesigning a powertool), while stated choice can be used for innovative
designs, product features, or services that do not yet exist, which have new attributes or
whose levels of the customer-oriented attributes lie outside the attribute level range of
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existing products. One should be aware that either stated choice or revealed choice has
advantages and disadvantages [19], [27].
Survey Respondent Sampling
Several techniques can be used to sample a population [15], however any sampling
design starts with defining the target market population, i.e., what consumers (customer
background distribution) buy what (competing) products, the target market population
size, etc. and a definition of the sampling unit, i.e., a customer or a product purchase.
Random sampling entails randomly drawing an observation (customer or product
purchase) such that the probability of that observation to be drawn equals 1/N, where N
represents the market population. Random sampling cannot adequately capture the choice
behavior of a very small population subgroup. This issue can be addressed using stratified
random sampling [15], which divides the market population into mutually exclusive and
exhaustive segments. Random samples are then drawn from each market segment. A
demand model for each market segment can be constructed to predict each market
segment’s demand, which can then be properly weighted to arrive at an unbiased estimate
for the total market demand.
3.3

Phase III - Modeling

Phase III is a quantitative process to generate the demand model. Based on the collected
discrete choice data, whether they are revealed or stated choice, modeling techniques
such as logit [15], [20] or probit [21, 22] can be used to create a choice model that can
predict the choices individual customers make and forecasts the market demand for a
designed artifact. Details of logit have been introduced in Section 2.
The predictive capability of a demand model depends among other things on the
customer-oriented design attributes considered and the form of the utility function used in
the demand model. An important step in Phase III is to pre-determine the functional form
of the utility function W, shown in Eqn. 2. It is common to initially assume a linear shape
of the customer utility function and then to test different functional shapes (e.g.,
quadratic, exponential) for improvement of the model fit. However, a model obtained
using such a try-and-improve approach lacks econometric reasoning (causality). The
model may fit the (survey) data well but its predictions may lack accuracy. In this work,
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we propose to use the Kano method, introduced in Section 2, to facilitate the
identification of the appropriate functional relationship between customer satisfaction and
product performance. Using the Kano method, the various customer-oriented attributes A
are first classified into different categories, such as those shown in Fig. 2. Designers can
then choose different function forms for different attributes. For example, quadratic or
exponential function shapes can be used to fit the customer-oriented attributes that are
classified as must-be and excitive, respectively. This approach is expected to better
capture the underlying behavior of consumers as opposed to randomly trying different
functional shapes without proper econometric reasoning.
Representing customer-oriented attributes (A) using a sufficient number of
quantifiable engineering design attributes in a choice model is often desirable to facilitate
engineering decision-making. For instance, to capture the sound quality as experienced
by the car occupants (may depend on the occupant’s position in the car), the customeroriented attributes could include: noise level, harmonics, and frequency. When these
attributes are included, the demand model can be used to guide engineering decisionmaking related to air intake design, engine configuration, firing order, exhaust design,
engine mount design, noise insulation, etc. However, while including more explanatory
variables (attributes) may improve the model fit as with each additional variable more
data variance can be explained, using too many explanatory variables may lead to the
model fitting aspects of the data that are not due to underlying parametric features but
due to for instance sampling variability, which is not desirable. Two criteria can be used
for comparing alternative model fits and for determining whether including additional
explanatory variables is useful. They are the Akaike’s Information Criterion (AIC), Eq.
5, and the Bayesian Information Criterion (BIC) [28], Eq. 6. Both criteria penalize
models for having too many explanatory variables.

AIC = −2 L + 2 p

(5)

BIC = −2 L + p ln(n) ,

(6)

where L is the log-likelihood, p the number of explanatory variables and n the number of
observations (sample size). For both criteria, the best-fitting model is the model with the
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lowest score. A difference of 6 points on the BIC scale indicates strong evidence that the
model with the lower value is preferred [30].
Another issue that may arise when using large numbers of explanatory variables is
collinearity, that is, some explanatory variables may be explained by combinations of
other explanatory variables. If collinearity occurs then these explanatory variables cannot
be used in the choice model simultaneously. Factor analysis [28] or latent variable
modeling [29] could be used to combine customer-oriented attributes (explanatory
variables) that are correlated to each other into a fewer number of factors. Another
solution approach is to constrain the (beta) coefficients of collinear variables to be equal.
3.4

Phase IV- Demand Estimation

The choice model obtained through Phases I to III can be used to predict the choice
probabilities for each alternative in the choice set given a customer’s background (S) and
descriptions of the choice alternatives. Sample enumeration is the most advanced and
most accurate approach to determine a product’s market demand for the entire market
population. A logit demand model is shown in Eq. 7, that estimates demand based on
sample enumeration using random samples of the market population N, where i denotes
the choice alternative and n being the sampled individual.
N

N

n

n

Q(i ) = ∑ Prn (i ) = ∑

e
J

W
in

∑e

W
ln

l =1

(7)

The accuracy of demand prediction can be improved by estimating a choice
model per market segment to account for systematic variations of taste parameters (β
coefficients) among population subgroups. Ultimately one can assume that taste
parameters are log normal distributed across the market population [15]. Including
customer specific data in the customer background S that relate to the customer’s
(potential) use of the product can improve the accuracy of the demand predictions, e.g., in
case of a car one can think of annual mileage driven, type of usage
(commuting/recreational), etc. This product usage data can be recorded for each
respondent when collecting the customer data and incorporated in the demand model.
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A different approach for estimating the market demand is to use the choice model
to predict the average choice probabilities (i.e., market shares) of the market population,
(e.g., by using sample enumeration). A separate, specialized, model can be formed to
estimate the total market sales volume. An advantage of this approach is that a separate
model for predicting the market sales volume may be more accurate by accounting for
economic growth, seasonal effects, market trends, etc., potentially leading to more
accurate demand predictions.
4

IMPLEMENTATION EXAMPLE

In this section we show an implementation of the proposed demand modeling approach to
constructing a vehicle demand model with emphasis on evaluating engine design changes
in a DBD model. The demand model developed in this case study can be used to assess
the impact of engine design changes on vehicle demand, facilitating the evaluation of
engine design and making proper tradeoffs between performance and cost. Twelve
vehicles (7 models, 12 trims) are considered in the demand model representing the
midsize car segment, which includes vehicles like the Ford Taurus, Toyota Camry, and
Honda Accord. All data illustrated are normalized to protect proprietary rights of
providers. From the historical data collected by JD Power, it is found that compared to
other car segments, the customers of midsize cars often pay more attention to vehicle
engine performance when choosing vehicles, thus facilitating the test of our approach.
Our implementation is subject to the assumption that customers only consider the 12
vehicle trims when purchasing a vehicle. The demand model developed is a static model,
as such demand changes over time are not considered. In “what if” studies and DBD
optimization, we assume that only the design of one vehicle changes at a time while the
other designs are kept the same.
4.1

Vehicle Demand Modeling - Attributes and Choice Set Identification

Based on J.D. Power’s Vehicle Quality Survey (VQS), we identify five groups of toplevel customer desires related to vehicle choice at the vehicle system level. These are:
engine/transmission performance, comfort and convenience, ride and handling
performance, product image, and price/cost (see Table 1). For reasons of simplicity we
do not consider customer desires related to sound system, seats, and style. In Section 3.1
we detailed the process of translating customer desires into quantifiable customer-
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oriented design attributes that are meaningful to both the demand-modeling specialist and
to a design engineer. Specific customer desires can be identified for each top-level,
vehicle system, customer desire. The customer-oriented design attributes considered in
our model are presented in Table 1, which shows a representative mapping of top-level
customer desires via the specific customer desires to the customer-oriented design
attributes. Take engine and transmission performance as an example.

The specific

customer desires include performance during rapid acceleration, passing power at
highway speeds, and also a pleasant sound while idling and at full throttle acceleration
and low vibration levels. Interaction between engineering experts at the Ford Motor
Company and market research specialists from J.D. Power helped identify the customeroriented design attributes corresponding to their specific customer desires. Linking the
customer-oriented design attributes, further down the hierarchy, to design options, is also
an important activity of designers. However, it is not covered in this case study. An
example of this linking can be found in our paper on DBD [2] for a universal motor case
study. The design options in this vehicle engine design case study are represented by the
different settings of attribute levels.
Table 1. Customer-oriented design attributes structure for vehicle engine design example
Top-level customer desires
Engine
and
Performance

Transmission

Specific customer
desires
Performance

Noise

Vibration

Comfort and Convenience

Comfort

Convenience
Ride and Handling

Handling
Steering

Customer-oriented attributes A
Horsepower
Torque
Low-end torque
Displacement
Type (I4/V6)
Noise @ 2000 rpm (highway)
Noise @ 4000 rpm (accelerating)
Noise @ rpm of max Hp (db)
Overall Vibration Level
Vibration @ 2000 rpm (highway)
Vibration @ 4000 rpm (accelerating)
Front legroom
Front headroom
Rear legroom
Rear headroom
Trunk space
Range between fuel stops
Roll Gradient (deg/g)
SWA@0.5 g (deg) Window
Rolling Parking Efforts
Static Parking Efforts
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Product Image

Product Cost

Ride
Brand
Origin
Reliability
Durability
Vehicle Size

Acquisition Cost
Usage Cost

4.2

Choppiness (M/sec^2/minute)
Vehicle Make
USA/import
IQS (Initial Quality Index)
VDI (Vehicle Dependability Index)
Vehicle mass
Vehicle width
Vehicle length
MSRP_price
Rebate
APR
Fuel Economy
Resale index

Vehicle Demand Modeling – Data Collection

The demand model is created using revealed choice data at the respondent level provided
by J.D. Power. The data consist of 2,552 observed individual vehicle purchases (of the
seven vehicles – 12 trims considered in this case study) in the USA of the year 2000
vehicle market, including respondents’ background. The values of customer-oriented
attributes related to the general vehicle descriptions of the 12 discrete choices, such as
weight, fuel economy, and legroom are obtained from Ward’s Automotive. The values of
some other customer-oriented attributes such as, ride, handling, noise, and vibration are
provided by Ford. A representative part of the choice set input data table for one
customer is presented in Table 2.
Table 2. Partial demand model input data table (normalized)
Cus.id vehicl observed Customer background S
.
e id. choice
gender age income
1
1
0
0
27
5
1
2
1
0
27
5
1
3
0
0
27
5
1
4
0
0
27
5
1
5
0
0
27
5
1
6
0
0
27
5
1
7
0
0
27
5
1
8
0
0
27
5
1
9
0
0
27
5
1
10
0
0
27
5
1
11
0
0
27
5
1
12
0
0
27
5

Customer-oriented attributes A
Msrp
Horse
Fuel
price
power torque economy
1.07
1.13
1.09
0.96
0.87
0.89
0.85
1.15
1.15
1.09
1.02
0.98
1.02
1.06
1.02
0.90
1.05
1.08
1.12
0.98
0.89
0.77
0.82
1.12
0.96
1.04
0.94
1.00
0.89
0.93
0.97
1.00
1.07
1.02
1.10
1.00
1.03
0.92
0.98
1.02
1.11
1.23
1.16
0.98
0.89
0.83
0.94
0.94
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For each respondent there are 12 rows of data in the database, one for each choice
alternative, each row containing the customer background, the customer-oriented
attributes that describe the vehicle, and the respondent’s observed choice (real purchase).
The customer choice is treated as a binary variable, and in this particular case the
customer selected vehicle 2. In total the database contains 30624 observations (2552
respondents * 12 vehicles). The correlation of a number of attributes of the collected data
is presented in Table 3.
Table 3. Partial correlation matrix of vehicle attributes and customer background
gender
gender
age
income
USA/import
msrp_price
rebate
apr
resale index
vdi (dependability)
iqs (initial quality)
horsepower/mass
torque/mass
low-end torque/mass
fuel economy
fuel range
wheel base
vehicle width
vehicle length
front-headroom
front-legroom
rear-headroom
rear-legroom
trunk space

1
-0.192
-0.074
0.150
0.006
-0.101
-0.072
0.178
-0.117
-0.162
-0.011
-0.051
-0.087
0.127
0.138
-0.106
-0.119
-0.149
-0.013
0.072
-0.162
-0.140
-0.132

age
1
-0.176
-0.220
-0.041
0.256
0.173
-0.215
0.036
0.187
-0.104
-0.005
0.036
-0.047
-0.063
0.076
0.157
0.154
-0.103
-0.094
0.132
0.157
0.139

income

1
0.087
0.141
-0.141
-0.017
0.031
0.024
-0.059
0.180
0.148
0.120
-0.102
-0.045
0.050
-0.066
-0.038
0.145
0.116
0.053
0.013
0.004

USA/import

1
0.183
-0.869
-0.425
0.869
-0.746
-0.928
0.212
0.013
-0.255
0.444
0.680
-0.667
-0.918
-0.907
0.290
0.762
-0.695
-0.731
-0.844

The variables gender and USA/import of Table 3 are binary variables that is,
female = 1, and import = 1, otherwise 0. Some conclusions can be deducted from Table
3. For instance, the negative sign of the correlations related to gender for wheel base,
vehicle width, and vehicle length indicate that women apparently buy smaller cars, and
the negative coefficient (-0.220) for USA/import indicates that older consumers tend to
prefer American built cars. The negative coefficient for rebate and USA/Import (-0.869)
reveals that imports are generally sold with smaller rebates. The correlation between
customer background (gender, age, and income) and customer-oriented attributes appears
to be very weak, which is desirable. Highly correlated variables are prone to being
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collinear. Further, high correlation between the dependent variable (in this case the
vehicle choice) and independent explanatory variables (i.e., customer-oriented design
attributes) implies that few variables are sufficient to predict vehicle choice, limiting the
use of many variables (customer-oriented attributes) desirable for engineering design
decision-making.
4.3

Vehicle Demand Modeling – Multinomial Logit

In this case study we use STATA (www.stata.com) to estimate the choice model.
STATA employs a substitute for multinomial logit: grouped logit.

Grouped logit

considers multinomial choice (i.e., one vehicle picked from the choice set) as a grouped
set of binary choices (i.e., pick/not-pick; 0 or 1). Only one binary choice of a group is
allowed positive (i.e., a pick).
A linear customer utility function shape is initially considered for the utility
function used in the logit choice model (Eq. 2). All customers share the same utility
function coefficients, i.e., market segmentation is not considered. We tested over 200
customer utility functions with different combinations of linear and interaction items.
Eventually a model using 38 explanatory variable items (including interactions) is
selected based on the Bayesian Information Criterion score (BIC) (see description in
Section 3.3). With the selected model, the observed and the estimated market shares for
the 12 vehicle models are shown in Table 4. Table 4 shows that the observed choice
rate/market shares and the market shares as predicted by the model match quite well. The
MS_R2, i.e., R2 error measure of the observed market shares vs. predicted market shares
for this model is 0.996.
As proposed earlier in Section 2.3, the Kano method is used to further improve
the predictive accuracy by identifying appropriate shapes for the customer utility function
of the choice model (Equation 2). According to Kano study results at Ford, all key
customer-oriented attributes should be considered as basic, except for fuel economy
beyond 27.5 mpg which can be classified as excitive. The econometric reasoning for this
is as follows; fuel economy is considered basic if the fuel mileage is near what is
expected for the vehicle’s class, in this case the midsize market segment. But, when the
fuel mileage is significantly higher than its competitors then it becomes a distinguishing
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feature, e.g., “I bought this car because of its remarkable fuel economy.” We test a
quadratic function shape for the key customer-oriented attributes “fuel economy” and
“range between fuel stops” in the customer utility function of the demand model. The
demand model using the utility function shape as assessed by the Kano method should be
preferred as it provides a better fit of the data given the more than six point difference in
the BIC score shown in Table 5.
Table 4. Observed and estimated market shares for vehicle demand model

Vehicle id.
1
2
3
4
5
6
7
8
9
10
11
12

Choice
Rate
(#)
251
190
335
220
231
192
199
167
67
435
213
52

Market Shares
observed
0.098354
0.074451
0.131270
0.086207
0.090517
0.075235
0.077978
0.065439
0.026254
0.170455
0.083464
0.020376

estimated
0.098814
0.074544
0.130938
0.086117
0.090972
0.075440
0.077447
0.064866
0.027256
0.170324
0.083507
0.019776

Table 5. Comparison between linear and quadratic customer utility function fits

MS_R2
Max. likelihood
BIC

Kano
(quadratic)
0.998293
-5820.69
11930.61

Regular
(linear)
0.995984
-5831.48
11941.85

4.4 Cross Validation of Demand Model

Due to the scope of our study, we cannot use the current market demand data to validate
the demand model created using the data of year 2000. The approach we take for
validating the obtained vehicle demand model is through the technique of crossvalidation [31] which does not require the collection of additional data. The data set
consisting of 2,552 individuals is divided into 5 subsets of approximately equal size using
random sampling. The model is fitted to the combined data of 4 out of the 5 datasets.
The fitted model is then used to predict the choice for the remaining choice set and the r2
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value for the market shares, which is used as error measure, is calculated. This procedure
is repeated 5-fold, every time using a different data set from the 5 data sets for prediction
and error measure calculation. The r2 value of the demand model fitted on the full data
set is 0.99. The r2 value decreased to an average 0.92 for the 5 cross validation tests,
which is still an acceptable value. The cross validation helps us build more confidence in
using the proposed DCA approach to demand modeling and demand prediction. It also
shows that the accuracy of the obtained demand model is satisfactory.
4.5 Market Share Prediction and “What if” Scenarios

The impact of customer-oriented design attribute changes (which reflect engineering
design changes) on the vehicle market shares can be predicted by updating the vehicle
descriptions and recalculating the predicted choice probabilities for each individual. To
illustrate how the demand model can be used to study the impact of design changes and
possible actions of competitors, we consider the following “what if” scenarios. Vehicle
11 and vehicle 12 are two trims of one vehicle model from the same manufacturer, a
basic version and a more powerful luxury version. We assume that the manufacturer
decides to improve the fuel efficiency of the base model (vehicle 11) by 10%, the impact
on the market shares is shown in Table 6 under the heading “scenario 1.” It appears that
increasing the fuel efficiency of vehicle 11 increases its market share from 8.35 to 9.25%
but it also shows that vehicle 12’s market share is negatively affected. This negative
impact of feature upgrades of a product on other members of the same manufacturer is
known in marketing literature as “cannibalism.”

It implies that the product being

designed should not be considered in isolation. Scenario 2 shows the impact on the
market shares if the producer of vehicle 5 decides to introduce a rebate of $500 to boost
its market share. Finally, Scenario 3 shows the impact of increasing vehicle 12’s engine
power by 5%.
In addition to the market share, the feasibility or the desirability of design changes
depends on the impact on profit, which necessitates the consideration of the cost of such
changes. This is considered in the DBD design alternative selection example in the next
section.
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Table 6. Results of “What if” scenarios
Veh.
Id.

base

1
2
3
4
5
6
7
8
9
10
11
12

9.84
7.45
13.13
8.62
9.05
7.52
7.80
6.54
2.63
17.05
8.35
2.04

Market shares (%)
scenario
scenario
1.
2.
9.81
9.41
7.47
7.18
12.91
12.42
8.53
8.21
8.81
12.15
7.37
7.12
7.63
7.38
6.45
6.20
2.71
2.62
17.09
16.49
9.25
8.92
1.95
1.89

scenario
3.
9.38
7.15
12.37
8.18
12.08
7.08
7.34
6.17
2.60
16.41
8.87
2.36

4.6 Decision-Based Design for Vehicle Engine Alternative Selection

We integrate the vehicle demand model with a cost model into a DBD model (see its
framework in Figure 1). The DBD model is used to select the best engine design from 5
different engine design configurations, considered for vehicle 11. To simplify matters,
the design options are represented by the setting of the customer-oriented design
attributes A rather than the design options X. The cost model considers the impact on
cost of performance improvements related to power, torque, and low-end torque. Lowend torque is the maximum torque an engine produces at approximately 2000 rpm and is
important for accelerating to pass a vehicle when driving at highway speed.
The 5 alternative engine designs for use in vehicle 11 are presented in Table 7.
Engine design 1 offers increased power, torque, and low-end torque with 3% and a price
increase of 5% relative to the performance of the existing engine used in vehicle 11.
Engine design 2 is similar in performance to Engine design 1 but is sold at the base price.
Engine design 3 offers a 3% power and 5% price increase relative to the base model,
while the performance of Engine design 4 is the same as Engine design 3 but sold at the
base price. A fifth engine design alternative (Engine design 5) is added by considering
re-using an existing engine design for vehicle 11 of a different model, which is less
powerful but enables a reduction in price of 5% when compared with the base model.
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Table 7. Design alternatives for Decision-Based Design case study

design #
price
hp
torque
low-end
torque

1
5
3
3
3

Design Alternative (Vehicle 11)
(% change attribute level)
2
3
4
0
5
0
3
3
3
3
0
0
3

0

0

5
-5
0
-10
-10

The market size M of the 12 midsize vehicles is estimated at 1,000,000 vehicles
annually. Uncertainty is introduced by assuming a normal distribution of the market size
with standard deviation of 50,000 vehicles. To facilitate the consideration of the impact
of engine changes of vehicle 11 on vehicle 12 and on the same manufacturer’s profit we
assume that vehicle 12 contributes $1,100 per vehicle to the profit. The manufacturer’s
expected utility is obtained by assuming a risk averse attitude, which is obtained by
taking the log of the profit. The DBD optimization problem, shown in Figure 4, is
formulated as follows: given the vehicle demand model (Section 4.3), and decisionmaker’s risk attitude (log of profit), maximize the expected utility of profit with respect to
price, horsepower, torque, and low-end torque.
The market share impact (% change) for the 12 vehicles and the impact on the
profit (in millions of dollars) of vehicle 11’s manufacturer and the expected utility for the
five design alternatives (vehicle 11) are presented in Table 8. For example, it is noted
that under design alternative 1, increasing the horsepower, torque, and low-end torque
leads to a 9.7% gain in the market share of vehicle 11 when increasing the price by 5%
and a drop of the market share of vehicle 12, also produced by the same manufacturer, by
3.8%.

When considering the (maximum of) expected utility of the five design

alternatives then it appears that design alternative 4, consisting of a 3% torque increase
while leaving the price unchanged, should be preferred. It should be noted that even
though the DBD model is used to select the best design among a set of discrete
alternatives in this study, the DBD model can be used to select the best alternative among
a range of continuous decision variables via optimization.
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GIVEN

Market size M
1000,000 vehicles annually
50,000
Standard deviation σM
Customer-oriented attributes A
Demand model Q
The demand model is obtained using the multinomial logit technique to fit
the discrete choice survey data
Cost model C
Determines the relationship between A and C
Corporate interests I
None other than the single selection criterion, V
Single criterion V
Net revenue
V=QP–C
Utility function U(V)
U(V) = log(V)
Market Data S (Socioeconomic and demographic attributes)
Data related to gender, age, and income
FIND

Key customer attributes A and price P
SUBJECT TO

N/A
MAXIMIZE

Expected utility of the net present value of profit V

Figure 4. Vehicle engine DBD description
Table 8. Market share impact (% change), profit ($ million),
and expected utility for case study
Veh.
Design Alternative
Id.
1
2
3
1
-0.4
-0.6
0.1
2
-0.8
-0.9
-0.3
3
-1.1
-1.3
-0.6
4
-1.0
-1.1
-0.5
5
-0.3
-0.5
0.1
6
-0.6
-0.7
-0.1
7
-1.5
-1.7
-1.1
8
-1.8
-1.9
-1.3
9
2.9
2.7
3.4
10
-1.0
-1.1
-0.5
11
9.7
11.4
4.4
12
-3.8
-3.9
-3.4
77.77 77.00 87.60
Exp. Impact on Profit
90.84 90.78 91.43
Exp. Utility

4
-0.1
-0.5
-0.9
-0.7
-0.1
-0.4
-1.3
-1.5
3.1
-0.7
7.0
-3.6
89.10
91.52

5
0.2
-0.1
-0.5
-0.3
0.4
0.1
-0.8
-1.0
3.7
-0.3
2.0
-3.0
31.01
86.24
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CONCLUSION

Building upon our earlier work on using the discrete choice analysis approach to demand
modeling we develop in this paper guidelines for implementing the discrete choice
demand modeling approach in the context of Decision-Based Design. The transformation
of top-level customer desire groups down to customer desires, and further into customeroriented design attributes and engineering design attributes in general, is introduced to
bridge the gap between market analysis and engineering modeling in the process of
demand analysis. As such, the customer-oriented design attributes form the link between
the design options and demand, and eventually profit, thus facilitating engineering design
decision-making. Kano’s Method is adapted to provide econometric justification for
selecting the shape of the customer utility function, which better captures the underlying
purchase behavior, and enhancing the predictive capability of demand models. The
proposed approaches are demonstrated using a real (passenger) vehicle engine design
problem as a case study in collaboration with the market research firm J.D. Power and
Associates and the Ford Motor Company. The obtained demand model is shown to be
satisfactory through cross validation.
It should be noted that different from some existing design approaches that
construct a single utility function for a group of customers, the proposed DBD approach
optimizes a single-criterion utility function that is related to the profit of a product. As a
part of the profit estimation, the demand modeling based on DCA utilizes separate utility
function for each individual and aggregates the customer choices (not preferences) by
summing the choice probabilities across individual decision-makers (customers), thus
avoiding the paradox associated with aggregating the utility or preference of a group of
customers.
The demand modeling approach developed in this work, along with the DecisionBased Design framework are expected to facilitate the communication and collaboration
of a company’s employees in engineering, marketing, and management towards
achieving the enterprise’ goal of making profit.

Application of the methodologies

developed in this work is expected to lead to more competitive products because products
will be improved in a systematic way, considering not only the engineering requirements,
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but also the business interests, customers’ preferences, competitors’ products, and market
conditions.
Our proposal to employ Kano’s Method to select and econometrically justify the
customer utility function shape is a first step in improving the predictive capabilities of
the proposed demand modeling approach.

Another approach being examined is to

enhance the capturing of the customer’s perception of the product attributes through
consideration of the unobservable top-level customer desires in the customer utility
function using latent variables.

In addition, the impact of marketing incentives,

distribution, and competition will also be addressed within the DBD framework in our
future work.
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