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Conjoint Analysis (CA) and Quality Function Deployment (QFD) are two
popular tools for new product design; marketers frequently use the former and
engineers the latter. Typically, in a conjoint study, the attributes and their levels
are determined through focus group discussions or market surveys. Sometimes,
the market researchers exclude some critical features or include unrealistic
attribute levels resulting in infeasible product profiles. Inappropriate selection of
attribute levels may render the conjoint study less useful. In QFD, the New
Product Development team attempts to identify the technical characteristics
(TCs) to be improved (included) to meet the customer requirements (CRs)
through a subjective relationship matrix between CRs and TCs. At present there
is no methodology that uses the output of QFD to generate feasible product
profiles to be used in CA and therefore improve its usefulness. In this paper,
QFD is used along with an integer programming (IP) model to determine the
appropriate TCs and consequently the right attribute levels. These attribute levels
are then used in a conjoint study. It is also proposed to measure the elements of
the so-called relationship matrix in QFD in a way so that the right levels of the
attributes can be generated from the IP solution. The proposed method is
illustrated through a commercial vehicle design problem with hypothetical data.

Keywords: new product design; conjoint analysis; QFD; Integer Programming

1. Introduction

In a fiercely competitive business world, organisations must endeavour to design products
and services to satisfy customer expectations. Nevertheless, it is not always possible to
offer all the features desired by customers. The production team, the marketing team, the
product designers and the financial experts are required to work together to decide on the
bundle of features that would maximise customer satisfaction and simultaneously meet
some of the financial goals of the organisation, including profit maximisation.

Quality Function Deployment (QFD) is a tool, which is widely used across industries
to translate the ‘Voice-of-Customer’ through necessary Technical Characteristics (TCs)
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and to identify the means to deploy the available resources in the different stages of
planning, designing and manufacturing of new products (Akao 1990).

Another tool in this area is Conjoint Analysis (CA), which is used to derive the
customer ‘preference structure’. It is used to calculate the utilities that the customers derive
from the products. CA also called ‘trade-off analysis’, helps to fathom how people make
complex decisions. The basic assumption underlying the technique is that complex
decisions such as purchase decisions are based not on a single factor or criterion, but on
several factors ‘considered jointly’. Usually, in a conjoint study, the consumer is presented
with a series of choice decisions about products or services. The CA uncovers the
consumer’s ‘preference structure’ from his/her overall ratings or rankings of the products/
services/ideas in a realistic manner. A labelled rating scale is used with labels such as ‘Most
Preferred’, ‘Moderately Preferred’, ‘Preferred’, ‘Not Very Much Preferred’, and ‘Least
Preferred’. Similarly, for rank ordering, the respondent is asked to give the highest rank to
the ‘Most Preferred’ stimulus, and lowest rank to the ‘Least Preferred’ stimulus. CA allows
the inclusion of attributes whose utilities do not necessarily increase (decrease)
monotonically with increasing levels of the attributes. CA also enables segmentation of
respondents based on the importance ratings for each attribute. The segmentation helps
in aggregation of customer demands from individual preferences.

Both QFD and CA play important roles in designing products and selecting the right
product to be launched. While QFD is used to determine the TCs to ensure maximum
customer satisfaction, CA is used to identify products that generate maximum utility to the
customers. Many organisations use only one of the two approaches but those that use
both, use them independently.

In this paper, we develop a methodology to demonstrate how QFD and CA can be
used in conjunction, and point out the benefits of such an approach. We present an
approach to show how QFD and Integer Programming (IP) can be used to generate inputs
for CA, and illustrate the approach using hypothetical data of commercial vehicles.

1.1 Literature review

The literature is analysed covering three aspects of QFD: (1) use of QFD with other
approaches viz., CA and Analytical Hierarchical Process (AHP), (2) methodological
shortcomings of QFD, and (3) augmentation of QFD using optimisation models.

1.1.1 Use of QFD with other approaches

Pullman et al. (2002) make a comparison between CA and QFD. They observe that CA is
more suited to predict the impact of design changes or alternate product profiles on sales,
profitability and cannibalisation. On the other hand, QFD, working at a greater level of
detail than CA, can help in developing unique solutions to customer needs. They remark
that these methods are complementary and need to be used simultaneously. In reply to the
paper by Pullman et al., Katz (2004) observes that QFD is an early stage technique, which
promotes creative thinking in designing product features to satisfy customer needs. Since
QFD involves capturing customer voice and translating customer needs to product design
specifications, it should ideally be placed in the ‘early product definition’ stage. Katz
(2004) also highlights the importance of selecting appropriate features with suitable levels
and emphasises that QFD should precede CA. Bhattacharya et al. (2005) demonstrate a
combined application of AHP and QFD for an industrial robot selection problem. AHP is
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used to determine the relative importance weights of CRs and pair wise comparison of the
different robots on different TCs. They use a standard QFD matrix to determine the
relationships between CRs and TCs. Later, they combine cost factors with the subjective
measures to rank the robots. While AHP can be used to determine the weights of CRs and
for the final ranking of products, it does not capture any information related to customer
utility. Also, it does not alleviate some of the fundamental problems of QFD, which we
discuss later.

QFD alone cannot be used to decide what products should be launched and what their
attributes should be. Similarly, CA alone cannot be used to determine the TCs required for
improving the products. Thus both need to be used in conjunction. To the best of our
knowledge, there is no study that shows how CA and QFD can be used in conjunction and
how this strengthens the overall product development process.

Let us analyse what happens if QFD and CA continue to be used independently. CA
generates some product profiles that will maximise customer utility. QFD can be used to
decide which TCs to be improved (included). But products using those improved (or new)
TCs may generate lower utilities for customers, as QFD does not consider a product in its
entirety. Thus, there is a need to link QFD and CA. But how can such a linkage be
established? The output of a QFD cannot be used directly to generate product profiles. We
outline a methodology that uses IP as a bridge between QFD and CA. We also propose a
method for capturing data in QFD in a way (see Section 2) that allows it to be fed as input
to IP. The IP output of appropriate TCs along with the corresponding changes in product
attributes are used to generate product profiles for CA.

There are also other benefits of linking QFD and CA. For instance, to perform a CA,
one must decide the features and their levels beforehand. Since CA is expensive, its ability
to handle a limited number of features should not be wasted on unimportant features or
unrealistic sets of levels. Before using CA, the attributes and their levels are usually
determined by focus group discussions or market surveys. The choice of attribute levels is
critical as they are used to generate product profiles. The final choice of the product
depends, to a large extent, on the product profiles used in CA. As mentioned above in
many cases, a number of product profiles turn out to be infeasible. Our approach of using
QFD and IP to generate attribute levels will reduce the chances of generating infeasible
product profiles. It also has the potential of reducing the overall time in finalising the set of
products to be launched, because best possible product profiles generated from CA need
not be evaluated again for technical and cost feasibility.

1.1.2 Methodological shortcomings of QFD

Our proposed method of collecting data in QFD (see Section 2), and the methodology of
combining QFD and CA address the shortcomings that exist in each of the methods.
In QFD, the New Product Development (NPD) team, based on its experience, generates a
relationship matrix between CRs and TCs. In a conventional House of Quality (HoQ), the
relationships between CRs and TCs are captured as weak, medium and strong and are
quantified using a 1–3–9 or 1–5–9 scale (Fung et al. 2002). But no explicit justification for
the choice of such a rating scale has been provided. Moreover, the relationships
between TCs and CRs are traditionally measured by ordinal ranks instead of continuous
rating values.

Pullman et al. (2002) remark that a judgmental determination of relationships between
CRs and TCs does not help in estimating the amount of change in CR brought about by
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one unit change in TC. So they use an ad hoc method to set target values of TCs that have
the largest impact on the overall performance of the product. However, as Park and Kim
observe, it is more useful to measure the differences between TCs in meeting customer
expectations in their magnitude rather than through ordinal importance ranks (Park and
Kim 1998). Iranmanesh and Salimi (2003) find that there is a possibility of rank reversals
in the selection of TCs (to be improved) if different scales (1–3–9 or 1–5–9) are used.
Vanegas and Labib (2001) point out that a TC can have a very high impact on all CRs but
because of both positive and negative relationships, customer satisfaction may not be
affected at all by modifying the TC. Van de Poel (2007) also acknowledges that the
correlation between CRs and TCs need not always be non-negative and constant as
assumed in QFD, which results in a methodological shortcoming of the approach. This
may happen as increase in satisfaction of some CRs may be accompanied by a reduction
in satisfaction of some other CRs.

As pointed out by van de Poel (2007), another shortcoming of QFD is that it assumes
that correlations between TCs and CRs are constant. The approach followed in this paper
allows for different correlations between different levels of TCs and the corresponding
CRs. The relationship between TCs and CRs can vary with percentage changes in TCs.

Other methodological problems in QFD arise because customer demands are product
dependent, and therefore cannot always be represented by a linearly additive function and
the individual customers cannot be aggregated into a collective customer preference
ordering without violating reasonable conditions (van de Poel 2007). These are precisely
some of the problems that can be addressed by combining QFD and CA. CA allows the
inclusion of attributes whose utilities do not necessarily increase (decrease) monotonically
with increasing levels of the attributes. For each respondent, the importance that s/he
attaches to each attribute is determined. Then the respondents are clustered based on their
derived importance ratings for each attribute and the utilities are recalculated for the
different levels of each attribute for the particular segments. The segmentation helps in
aggregation of customer demands from individual preferences. We are able to utilise the
strengths of both QFD and CA as we de-link the decision of selecting TCs from the
product choice decision. QFD is used for selecting the TCs and CA is used to pick the final
set of products with IP acting as a bridge between the two. In the proposed approach, the
IP output of percentage changes in TCs gives the corresponding changes in CRs and hence
the attribute levels (see Sections 2 and 3 for details). CA uses these different attribute
levels, obtained from QFD-IP to generate product profiles. By imposing constraints on the
minimum requirements of CRs in the IP model we are also able to generate different
product profiles, suited for different customer segments.

1.1.3 Augmentation of QFD using optimisation models

The other class of QFD literature that is relevant to our study is the one considering
enhancement of QFD by using optimisation models. Wasserman (1993) considers cost of
resources that go into QFD planning and proposes a linear decision model for attribute
prioritisation. Bode and Fung (1998) incorporate product design budget into QFD planning
and put forward an improved prioritisation approach to effectively allocate design resources
to the more important TCs. Park and Kim (1998) present a 0–1 integer programnming
model for prioritising TCs. They also incorporate a cost constraint and calculate customer
satisfaction. But they measure customer satisfaction in terms of TCs that are addressed in
the final product. Dawson and Askin (1999) suggest a non-linear programming model to
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determine optimumTCs considering constraints on costs and development time. They point

out that dependence among TCs also needs to be considered. Fung et al. (2002) include

financial issues in attaining individual targets of TCs. They represent the correlation

between TCs as the incremental change in one TC to change in another by one unit. The

costs of improving the degree of attainment of a TC are formulated as a non-linear function

of its degree. They introduce the concepts of actual and planned attainment, and primary,

actual and planned costs for the attainment of TCs. Franceschini and Rossetto (1998)

present a method to determine the existence of dependence among TCs and formulate a ‘set

covering’ problem to choose the minimum set of TCs to cover all CRs. They find that the set

of TCs obtained by the traditional prioritisation method is not necessarily the same as that

obtained by their ‘set covering’ approach.
Karsak et al. (2003), Chen andWeng (2006) use goal programming for product planning

using QFD while Raharjo et al. (2006) use quality loss function and 0–1 goal programming

to prioritise quality characteristics in a dynamic QFD. They also consider budgetary

constraints and minimum customer satisfaction level in their model. Lai et al. (2007) use

Kano’s model and goal programming in optimising product design for personal computers.
Khoo and Ho (1996) provide a framework for fuzzy QFD. Kim et al. (2000), Vanegas

and Labib (2001), Karsak (2004), Chen et al. (2005), Chen and Weng (2006), Liu (2005),

Fung et al. (2002), Kahraman et al. (2006) are the others who use different forms of fuzzy

modeling to capture the fuzziness of parameters used in QFD.
Baier and Brusch (2005a,b) use CA to obtain the importance weights of attributes and

the relationship matrix between CRs and TCs and perform a Monte Carlo comparison

between the traditional and the proposed CA based approach. Thus, Baier and Brusch use

CA to improve the validity of QFD. In our proposed approach for a product design

problem the output of QFD–IP is used as an input to CA to make CA more useful. Using

CA in conjunction with QFD also helps us to overcome some of the methodological

shortcomings of QFD.
To summarise, we observe that there is very limited research on the benefits of

combining QFD and CA in product development. This paper makes a significant

contribution by developing a methodology that links QFD and CA using an IP model.

This approach alleviates one of the problems of CA, namely that of subjective

identification of attribute levels, and some of the methodogical shortcomings of QFD.

This paper also proposes a novel method of capturing the relationship matrix data

between CR and TC in terms of percentage changes. This method allows correlations

between TCs and CRs to vary according to levels of percentage changes and also allows

for positive, negative and zero weights for percentages of TCs. By ensuring flexibility of

different constraints on the minimum improvements required for CRs, product profiles for

different customer segments are generated.
The paper is organised as follows. Section 2 presents the proposed framework for

determining the attribute levels. Section 3 presents the application of the framework in a

specific problem context with hypothetical data. Section 4 concludes with some proposals

for future work.

2. A framework for determination of product attribute levels

Capturing the relationships between CRs and TCs and the correlations between TCs forms

an important step in preparing ‘House of Quality’ (HoQ) (see Figure 1). In a traditional
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HoQ, the relationships Rij are captured as weak, medium and strong and are quantified
using a 1–3–9 or 1–5–9 scale (Fung et al. 2002). Some authors have also attempted to
quantify the relationships using fuzzy numbers. As we have defined the attributes in a
manner that there is a one-to-one correspondence between them and the CRs, in the
following we shall use the two terms interchangeably.

In our proposed approach we define Rij, the relationship between CRi and TCj, in
terms of percentage change in attribute i due to some specified percentage change in TCj.
In other words, we replace Rij by Rijkj , where Rijkj represents the percentage change in CRi

due to kj percent change in TCj. For example, Rijkj may signify a 6%, 8% or 12%
(i.e., Rijkj ¼ 6%, 8% or 12%) change in attribute i for say, 10%, 15%, and 20%
(i.e., kj¼ 10%, 15%, and 20%) improvement respectively in the TCj. The design engineers
obtain the subjective ratings between TCs and CRs by thinking in terms of percentage
changes in CRs that will be obtained by some specific percentage changes in TCs. Since the
traditional QFD only considers 1–3–9 ratings, these important pieces of information
regarding percentage changes are lost. There could also be some TCs or features that could
be ‘present’ or ‘absent’ type in the product.

We assume, like in a traditional QFD matrix, that the importance ratings of the CRs
are given. The current ratings of the company’s own product, competitor’s current ratings,
and also the target ratings of the company’s product are all known or have been estimated.
We further assume that all relevant cost data, like cost of improvement of a TC by a
certain percentage, and also the cost of introducing a feature are all known. Since we are
considering only variants of existing products, we assume that estimates of such costs will
be available. Hence we refrain from specifying any cost function for improvement of TCs,

Technical Importance Ranking

Technical Benchmarking Assessment

Relationship Matrix (Rij)Customer
Requirements

Requirements Degree of
Importance (wi) Correlation Matrix

Technical Characteristics
Competitive
Benchmarking
Assessment

Figure 1. A typical house of quality in a traditional QFD.
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which will be more difficult to derive and use in a real life situation. Besides these, the

budgetary limit and the minimum improvement thresholds for the attributes are also

specified.
The weighted improvement scores of the TCs are obtained, in the conventional way, as

the weighted sum of the importance scores of the CRs and the correlation matrix between

TCs and customer requirements. We have also considered budgetary constraints, as well as

minimum improvement thresholds for the customer requirements. The problem of

selecting the appropriate TCs to be improved along with their percentage improvements

and the features to introduce with the objective of maximising the weighted sum of

improvements in the product, satisfying budgetary and minimum percentage improvement

for each or some of the attributes can be formulated as an integer programming (IP)

problem. Without the percentage improvement constraints, it becomes a knapsack

problem.

2.1 Model description

In this subsection we present the mathematical formulation for determining the attribute

levels of the selected features using the information in the HoQ of the QFD approach.

Since our task is to determine the percentage changes in TCs from a set of finite

alternatives and to choose specific features that need to be introduced (or not introduced)

given budgetary and performance constraints, integer programming (IP) is used to solve

the problem. To explain the model, we introduce some notations below.
Let us define the following:

i: attribute number, where i¼ 1,. . ., p; j: TC number, where j¼ 1,. . ., q; kj:
percentage improvement in TCj, j¼ 1,. . ., q; m: feature number (present/

absent type feature), where m¼ 1,. . ., r
Rijkj : percentage change in attribute i due to kj percent improvement in TCj

R1im: percentage change in attribute i due to introduction of feature m in the

product
Cjkj : cost of improving TCj by kj percent
C1m: cost of providing feature m in the product
wi: importance score of attribute i
B: the budget

Yjkj ¼ 1, if TCj is improved by kj percent

¼ 0, otherwise
Xm¼ 1, if feature m is introduced

¼ 0, otherwise

Then the model is

Maximise F ¼
X

i

X

j

X

kj

ðwiRijkj ÞYjkj þ
X

i

X

m

ðwiR1imÞXm ð1Þ

such that

X

j

X

kj

YjkjCjkj þ
X

m

XmC1m � B ð2Þ
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X

kj

Yjkj � 1, for each j, where j ¼ 1, . . . , q ð3Þ

X

j

X

kj

YjkjRijkj þ
X

m

XmR1im � 0, for each i, where i ¼ 1, . . . , p ð4Þ

Yjkj 2 f0, 1g,Xm 2 f0, 1g ð5Þ

The objective function F in (1) depicts the total weighted change in the overall
product for various changes in the TCs. The constraint (2) states that the total cost
involved in changing the TCs by certain percentages and providing certain features, if
any, should not exceed the budget B. Constraint (3) requires that TCj can be improved
by only one of the possible percentages kj. Constraint (4) requires that TCs and
features should be chosen such that improvement in each attribute i is greater than or
equal to zero.

Furthermore, constraints can be added to ensure that minimum improvements are
achieved in some or all attributes. The additional constraint will be

X

j

X

kj

YjkjRijkj þ
X

m

XmR1im � Pi, for each i where i ¼ 1, . . . , p ð6Þ

where Pi denotes the minimum improvement threshold for attribute i.
Given all the required data, the solution of the above IP gives us the set of TCs

that should be improved (Yjkj ¼ 1) along with the percentage changes in those TCs and
also the features to be introduced (Xm¼ 1). We can then find out from the relationship
matrix the corresponding percentage changes in a CR or attribute. By summing these
changes across TCs, we can determine the total change in a particular attribute. This
step is repeated for all the attributes. As we already know the initial levels of the
attributes we can easily determine their changed levels. The solution also tells us which
TCs of the other type (absent or present) to be included in the product.

Now by varying the budgetary and other limits and also other constraints we get
different solutions and hence different sets of attribute levels.

We can also apply the procedure for different segments to generate more product
profiles. For example, one customer segment may have more preference for attributes 1
and 2, while another customer segment may have more preference for attributes 3, 4 and 5.
In this way the entire range of attribute levels could be determined for generating product
profiles to be used for conjoint analysis.

2.2 The case of correlated TCs

We have mentioned earlier that a TC may have both a positive and negative impact on
different attributes. Similarly, a TC may also have a positive or negative impact on other
TCs. Though engineers will have an idea as to which TCs might be correlated, specifying
the extent of the relationship might be difficult. Also, if two TCs are correlated, they are
likely to influence the same attributes, but the converse is not true. Wasserman (1993) uses
a normalisation procedure to accommodate correlation between TCs. This procedure is
also used by Park and Kim (1998). Engineers are more comfortable with specifying the
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relationships between TCs and CRs but not the correlation between TCs. So we determine

the extent of correlation between TCs using the relationship matrix between CRs and TCs

and a threshold level. For this purpose, we use the method outlined by Franceschini

and Rossetto (1998). From the relationship matrix between TCs and CRs, we generate a

binary matrix, B, to indicate the presence of relationship between a TC and a CR in the

following way.

8 i, j, kj if Rijkj 6¼ 0, then bij ¼ 1

We then normalise B to obtain a matrix N. A third matrix Q is defined as Q¼NTN. Let vi
be the ith column of B and qij be the (i, j)th element of Q. The effects of interdependence

between the TCi and TCj can be represented by the coefficient qij where qij ¼ vTi � vj:
Calculating qij for all pairs of vectors of N will give us the dependence matrix RTC, which

shows the extent of correlation between TCs. Below we illustrate the computations of the

matrices B, N and Q (see Figure 2).
Once the correlated TCs are identified, the design engineers can specify the additional

percentage change in customer attributes due to one TC, affecting another TC. Then the

net percentage change in attributes due to percentage changes in TCs can be obtained.
We use the same optimisation model defined by Equations (1)–(6) to select the set of

TCs to be improved with the parameter Rijkj being replaced by

RNETijkj ¼ Rijkj þ RAijkj ,

where RNETijkj is the net percentage change in attribute i due to kj percent change

in TCj and RAijkj is the additional percentage change in attribute i due to correlation

between TCs. Park and Kim (1998) consider savings from implementing two TCs

simultaneously when they use the budgetary constraint. But we are able to specify

percentage changes in attributes due to correlated TCs with costs attached to the

percentage change in TCs. The costs required to change a TC by a certain percentage will

not vary because of being correlated with another TC, so we need not explicitly consider

the cost savings.

Figure 2. Illustration of building matrix Q starting from matrix R.
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3. Application

For illustrating the proposed methodology, commercial vehicle is considered as an

example product. In this problem, a product is already available in the market. The

company wants to launch variants of the product, incorporating customer preferences.

These products can also cater to different customer segments. The Voice of Customer

(VoC) has been obtained to understand the CRs. Some typical CRs and their

corresponding product attributes (that capture these customer requirements) are given

in Table 1. The TCs that are considered to meet the customer needs are given in Table 2.

For this example problem, p¼ 6, q¼ 8, and r¼ 2.
The main components of the QFD matrix for the problem including cost data are

contained in Table 3. We explain the data in Table 3.
The data in column 24 show the importance that the customers attach to the attributes

on a scale of 1 to 10. Columns 25 and 26 show the average rating of the company’s existing

product and similar products from competitors, as solicited from customers. Column 27

shows the target rating of the attributes, which are set by the cross-functional product

development team consisting of members of research and development, marketing, finance

and production teams. Column 28 is the ratio of column 27 and 25. Column 29 is the

product of column 24 and column 28. Thus 9 in column 24 multiplied by 1.06 in column 28

gives 9.55. Column 29 is the percentage score of that attribute. Thus 9.55/

44.14� 100¼ 21.62 where 44.14 is the sum of the attribute scores. Column 3 to column

23 (except the bottom three rows) shows the percentage change in CRs due to the specified

percentage change in the TCs. This is how we propose to capture the elements in the

Table 1. Customer requirements and product attributes for commercial vehicles.

Customer requirements (CRs) Product attributes

Fuel efficiency 1. Fuel economy
Good load carrying capacity 2. Payload
Good pickup 3. Power to weight ratio
Easy drivability on highways 4. Max cruising speed
Easy to climb slopes and navigability in hilly terrain 5. Gradability
Comfortable driver’s cabin 6. Driver’s cabin

Table 2. Technical characteristics for commercial vehicles.

Technical characteristics (TCs)

Engine 1. Maximum torque
2. Compression ratio
3. Maximum engine RPM
4. Turbo charger efficiency
5. Combustion efficiency

Gear box and axle 6. Maximum axle reaction
7. Overdrive ratio
8. Variable ratio power steering

Cabin 9. Maximum sleeper berth area
10. NVH resistant body panel
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correlation matrix. Now, we show the calculation of weights in the ‘Weights’ row.

Weight of 10% improvement in maximum torque is calculated as 16.99� 6� 4�

16.47þ 3� 13.59¼ 76.85 and (76.85/1606)� 100 gives 4.78 which is the percentage weight

for 10% improvement in maximum torque. Similarly for 3% change in compression ratio,

the weight is obtained as 16.99� 1.5þ 13.59� 0.5¼ 32.28, and (32.28/1606)� 100 gives

the percentage weight 2.01. The sum of the weights of all the TCs is 76.85þ 96.84þ � � � þ

161.35¼ 1606.
Table 4 gives the Rijkj values for the correlated TCs. As described in Section 2.2, we first

create a matrix B to indicate the correlation among TCs and normalise it to obtain N and

its transpose NT. Then we obtain Q¼NTN. From the matrix Q, we choose a threshold

level of 0.8, above which we consider the TCs to be correlated. For our problem, we find

two pairs of TCs, namely, (1) maximum torque and compression ratio, and (2) combustion

efficiency and turbo charger efficiency to be correlated. Table 4 show the additional

percentage impact on the CRs due to correlation among TCs.
We assume B¼ INR 150,000 (INR – Indian Rupees), where 1 USD is approximately

equal to INR 40.
GAMS 21.0 with CPLEX solver is used to solve the IP model given by (1)–(6). The

solutions for both uncorrelated TCs and correlated TCs are given in Table 5. Case 1 refers

to a problem situation where we have constraints on payload and maximum cruising

speed, whereas in case 2, we have constraints on fuel economy and driver’s comfort. The

percentage improvements in the attributes and the newly generated attribute levels are

summarised in Tables 6 and 7, respectively. Note that the improvements required in TCs

do not change when correlated TCs are considered – only the weighted sum of

improvements in the product (objective function value) changes. This happens as the TCs

are positively correlated.
In the case of correlated TCs and Case 1, the optimum IP solution gives an objective

function value of 544.16 resulting from 5% improvement in maximum rpm, 10%

improvement each in combustion efficiency and maximum axle reaction, 5% improvement

in overdrive ratio and the introduction of variable ratio power steering.
The assumed threshold values for the minimum improvement constraints on the

attributes are given in the second column of Table 6. Some segments of customers

attach more importance to payload and maximum cruising speed and some others to

fuel economy and driver’s comfort. Minimum thresholds for these attributes are used

to ensure that some perceptible differences in these attributes are obtained from the

solution. The values of the thresholds are calculated from the detailed Voice of

Customer (VoC) data that were collected earlier. As part of VoC, customers were

asked about (1) minimum monetary savings they wanted to achieve from improved

fuel economy, (2) minimum travel time they wanted to reduce for higher maximum

cruising speed, (3) minimum increase in payload, which would help them carry desired

load without overloading. These data are then used to arrive at the minimum

thresholds.
Table 6 gives the corresponding percentage changes in attributes obtained from the

solution in Table 5. Thus solution of Case 1 with correlated TC results in 7.65%

improvement in fuel economy, 6% improvement in payload, 4.625% improvement in

power to weight ratio, 5.75% improvement in maximum cruising speed, 2% improvement

in gradability and 5% improvement in driver’s cabin. Table 7 shows the new attribute

levels based on the percentage changes given in Table 6.
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Table 5. Solutions of IP for the illustrative example.

Technical characteristics (TCs)

% Improvement

Case 1a Case 2b

Uncorr. Corr. Uncorr. Corr.

1. Maximum torque
2. Compression ratio
3. Maximum engine RPM 5 5
4. Turbo charger efficiency
5. Combustion efficiency 10 10 10 10
6. Maximum axle reaction 10 10
7. Overdrive ratio 5 5 5 5
8. Variable ratio power steering yc Yc

9. Maximum sleeper berth area
10. NVH resistant body panel yc yc

Objective function 538.79 544.16 445.67 451.04

aConstraints on payload and maximum cruising speed.
bConstraints on fuel economy and driver’s comfort.
cy denotes the TC is introduced.

Table 6. Constraints on minimum improvement and percentage improvements in attributes.

Attributes
Constraints on

minimum improvement (Pi)

% Improvement

Case 1a Case 2b

Uncorr. Corr. Uncorr. Corr.

1. Fuel economy 6 7.5 7.65 9.5 9.65
2. Payload 6 6 6 – –
3. Power to weight ratio – 4.5 4.625 4.5 4.625
4. Max cruising speed 4 5.75 5.75 3.75 3.75
5. Gradability – 2 2 5 5
6. Driver’s cabin 7 5 5 8 8

aConstraints on payload and maximum cruising speed.
bConstraints on fuel economy and driver’s comfort.

Table 7. Sample of new attribute levels.

Attributes
Current attribute

levels

New attribute levels

Case 1a Case 2b

Uncorr. Corr. Uncorr. Corr.

1. Fuel economy 5 5.375 5.3825 5.475 5.4825
2. Payload 17 18.02 18.02 17.00 17.00
3. Power to weight ratio 18 18.81 18.832 18.81 18.8325
4. Max cruising speed 70 74.025 74.025 72.625 72.625
5. Gradability 14 14.28 14.28 14.70 14.70
6. Driver’s cabin 5 5.25 5.25 5.40 5.40

aConstraints on payload and maximum cruising speed.
bConstraints on fuel economy and driver’s comfort.
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4. Discussion and conclusion

Conjoint Analysis and Quality Function Deployment are tools for new product
development. The marketers prefer the former, while the engineers and technical

experts use the latter. Both CA and QFD have the same objective of capturing the

customer needs but QFD incorporates those needs in the new product design while CA
uses them in choosing the products with the desired attributes. Both tools have their

merits and demerits. The success of CA, however, is largely dependent on the

identification of the right set of attributes or features of the product and their
appropriate levels. For technical as well as practical considerations, it is not feasible to

include a large number of features and also a large number of feature levels in a
conjoint study (Green and Srinivasan 1990, Green et al. 1994). In practice, therefore,

the researchers are unable to include all the important attributes and their desired

levels. As conjoint study is expensive, it is, therefore, all the more necessary to select
the set of attributes and their levels more carefully and objectively so as to avoid

infeasible product profiles.
In this paper we have proposed to link QFD with CA through an integer programming

based framework to determine the attribute levels. Instead of the conventional way of
defining the relationship matrix in QFD, we have proposed to construct the relationship as

the percentage change in a CR corresponding to specified percentage change in a TC. We
de-link the decision of selecting TCs from the product choice decision by allowing QFD to

address the former and CA, the latter, using IP as a bridge between the two. Thus using the

strengths of CA, we are able to overcome some of the other methodological problems of
QFD that arise as customer demands, being product dependent, cannot always be

represented by a linearly additive function and the individual customers cannot be

aggregated into a collective customer preference ordering without violating reasonable
conditions (van de Poel 2007).

To determine the TCs to be improved along with their percentage improvements

subject to budgetary and other constraints an integer-programming problem has been
formulated. Using the solution thus obtained the percentage changes in the CRs can easily

be computed from the relationship matrix between CRs and TCs. Knowing the initial

levels of the attributes, the new levels of the same could then easily be determined. Varying
the budgetary and other limits and also considering different market segments one could

thus obtain the whole range of attribute levels in a more objective manner. The case of

correlated TCs is also considered.
The correlation between CRs and TCs need not always be non-negative and constant

as assumed in QFD, which results in a methodological shortcoming of the approach. Such

problems can be averted by expressing the relationship measurements in terms of
percentage changes in product attributes due to percentage changes in TCs. This also

enables the inclusion of negative impacts of improvement in a particular TC on a certain

attribute, which might have a positive impact on some other attribute. If the weight of a
particular percentage change in TC turns out to be zero, it indicates that on the whole

there will be no improvement in the product, considering all CRs due to that percentage

change in the TC. In our integer programming formulation, such a percentage change in a
TC will obviously not appear as part of the optimal solution. On the other hand, if the

weight turns out to be negative, it signifies that negative impact of that percentage change

in the TC on one or more CRs is greater than its positive impact. Hence it will also not be
selected as part of the optimal solution. This should also alert the engineers that by
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improving a TC by that particular percentage, they are actually reducing the overall
improvement in the product.

We have illustrated the framework for design of commercial vehicles with the help of
hypothetical data. We believe that this linking of QFD and CA will definitely help improve
the new product development process. We also want to bring out some of the caveats while
using this approach. Companies need to have a well planned process to capture VoC and
translate that information to be used for QFD. Also the design function of the
organisation should have the requisite technology and systems to determine the impact of
the feasible percentage changes of the TCs on the CRs. The VoC data should also be used
to determine the minimum percentage changes of the attributes. Failure to collect and
document such information can still result in some product profiles, which will not be
accepted by customers. Generating this rich information from VoC and QFD can help
in improving the outcomes of the expensive exercise of CA. But collection of VoC and
conducting QFD can also be expensive and time consuming and may deter some
companies from investing in these exercises. But companies which already conduct VoC,
QFD and CA as part of the product development process, can significantly improve the
outcomes of these exercises by using our approach. One limitation of our approach is that
we have only considered a situation, where variants of existing products are to be launched
and thus assumed some basic information regarding costs are available. It will be
worthwhile to explore how our approach can be used to launch entirely new products.
Another interesting extension of this framework could be to model the relationship matrix
and other parameters like importance ratings, costs etc. as fuzzy numbers, which will be
particularly useful in a setting where only ranges of percentage improvements, cost data
and importance of attributes may be available. The authors propose to take this up in a
subsequent paper.
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