
LICENTIATE T H E S I S

Department of Engineering Sciences and Mathematics
Division of Product and Production Development

Customer Data in the Design Process with Focus on 
Customer Needs and Way of Using the Product

ISSN 1402-1757
ISBN 978-91-7583-802-1 (print)
ISBN 978-91-7583-803-8 (pdf)

Luleå University of Technology 2017

Anna Martí Bigorra

Computer Aided Design



 



LICENTIATE THESIS

Customer Data in the Design Process with Focus on 
Customer Needs and Way of Using the Product

Anna Martí Bigorra

Luleå, March 2017

Computer Aided Design
Division of Product and Production Development,

Department of Engineering Sciences and Mathematics
Luleå University of Technology

SE-971 87 LULEÅ
www.ltu.se 



Printed by Luleå University of Technology, Graphic Production 2017

ISSN 1402-1757  
ISBN 978-91-7583-802-1 (print)
ISBN 978-91-7583-803-8 (pdf)

Luleå 2017

www.ltu.se



i

PREFACE

The research presented in this thesis was performed within the research subject of Computer 
Aided Design at the Division of Product and Production Development, Luleå University of 
Technology. Research funding, vision and industrial contacts were acquired through
VINNOVA, the Swedish Governmental Agency for Innovation Systems. 

First of all, I would like to express my gratitude to Professor Jan-Olov Aidanpää for his 
advice along the process and Senior Lecturer Ove Isaksson for his supervision, his dedication 
to his duties, the valuable discussions and, of course, for the demanding red line. 

I wish also to thank Mats Gjertz as well as the cross-functional team at Volvo Cars 
Corporation for the multiple discussions and valuing my work. I would also like to thank my 
former as well as present colleagues at the Division of Product and Production Development
for their direct (and indirect) support.

Thanks to my friends in Luleå who have the ability to change dark days into brighter ones;
and also thanks to those friends that, besides the distance, send me doses of support (and 
happiness) every day. Thanks to my family for the unconditional trust, and to my grandfather
for the interesting engineering discussions. Finally, thanks to Blai for your infinite patience 
and support along the process; a big part of this licentiate thesis is yours.

Anna Martí Bigorra
February 2017



ii



iii

ABSTRACT

Owing to continuous advances in information technology, access to information via the 
Internet and the steady decline of cost related to data creation, big amounts of customer data 
now reside in many companies. This data is said to hold a large amount of valuable 
knowledge that could be used to design customer-focused products, a key factor for 
maintaining market-share. Information overload hinders the search for knowledge and,
therefore, it is a challenge for companies to identify what is relevant to analyse. Different 
approaches based on data mining tools of web-based customer data have been shown to be 
useful for gaining customer insight. However, this information is not properly factored into
the target setting process. Many improvements in modelling the relation between product 
performance and customer satisfaction during the target setting have been presented.
However, these still rely on customer information obtained from traditional gathering 
techniques such as questionnaires, which do not provide enough valuable and deep customer
information; therefore, designers are forced to make assumptions. While some studies 
highlight the potential of customer data as an aid to designing future product generations, they 
do not provide enough details on how such information should be processed to generate 
valuable information for the designers. 

By taking advantage of the generated customer data, this work aims to increase the reliability 
of the design decisions on product specifications by reducing the existing gap between the 
customer and the designer world. To do so, customer information from different sources such 
as surveys and usage data have been combined to model customer satisfaction as a function of 
design requirements. In this process, customer needs are defined at a detailed level to be able 
to link customer satisfaction with a clear interface to the design requirements. By means of 
usage data, customer-product interaction in the customer environment is investigated, and 
differences between designer assumptions and customer picture are calculated towards the 
target fulfilment indicator. Results show that the work presented helps designers to set targets 
towards a higher customer focus, since customer needs and way of using the product become 
visible in the process. This allows the design team not only to identify differences among 
customers but also the possibility to detect changes in customer needs. The target fulfilment 
indicator acts as a feedback channel for continuous product improvement, allowing designers 
to validate their decisions. Since the voice of the customer drives the process, the presented 
approaches guide the design team towards the most relevant customer data, thus streamlining 
the design process in a situation where the amount of information rapidly increases. 
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ABBREVIATIONS

CNi ith Customer Need
di Customer preference for the ith customer need

DRj jth Design Requirement
HoQ House of Quality

m Total number of Design Requirements
n Total number of Customer Needs

QFD Quality Functional Deployment
rij Relationship between ith customer need and the jth design requirement
s Overall customer satisfaction

wi Relative importance of the ith design requirement
xj Level of fulfilment for the jth design requirement 
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1. Introduction
In this chapter the topic, research question, delimitations and thesis outline are presented.

The current situation, where industrial competition is expanding and the demand on 
shortening time-to-market and complexity of products is increasing, forces companies to shift 
their focus from product-centric to customer-centric in order to maintain market-share 
(Miguéis, Camanho, and e Cunha 2012; Chen, Yan, and Chen 2013) and to develop products 
towards product development processes that are flexible to requirement changes (e.g.,
customer need dynamics and shorter developing time). In light of the above-mentioned 
pressures, insightful and useful knowledge (Haas and Hansen 2007) that it is easy to 
internalize (Kane 2010) is essential to product development success.

Continuous advances in information technology, access to information via the Internet and the 
steady decline of cost related to data creation has turned customers into generators of 
structured, semi-structured and unstructured data (Erevelles, Fukawa, and Swayne 2016).
Such data is said to hold a large amount of valuable knowledge, exploitation of which could 
yield economic benefit (Kabir and Carayannis 2013). The advancement in cloud computing, 
data mining and analytics promotes the use of customer data to create new business 
opportunities, since more data beats better models (Lycett 2013).

The increasing amount of available information residing nowadays in the companies 
highlights the potential for designing highly customer-focused products. However, 
information overload is an obstacle for the search of knowledge and, thus, it is a challenge for 
companies to identify what is relevant to analyse (Crié and Micheaux 2006). Data mining 
techniques on social media, online customer reviews or web-based customer data have been 
used to identify customer preferences on different product features (Shen et al. 2017).
Knowing how customers use the product enhances a company’s ability to segment customers,
customize products, set prices to better capture value and provide them with value-added 
services (Van der Vegte, Wilhelm Frederik 2016). However, very little investigation is done 
regarding how usage data of customer products can be factored into future product 
generations or continuous product improvement (e.g. Dienst et al. 2014).

Traditional approaches such as Quality Function Deployment (Akao 1990) and Kano method
(Kano et al. 1984) have been improved over the years to guide designers to a higher customer-
focus target setting. However, the effect of customer dynamics in the design process is not 
considered and they fail to handle all the available customer data residing nowadays in 
companies (Jin et al. 2016). In fact, benchmarking data, Kano questionnaires and online 
customer reviews of product features are the main input of information in most of the 
previously-mentioned approaches. However, due to the increasing complexity of products, not 
all product features can be evaluated by customers, due to high-technical content, and the 
process is costly and therefore a small sample of the population is usually analysed. This 
causes a lack of designer awareness of customer satisfaction sensitivity when a change in 
product performance is made; thus increasing the risk of failure once the product is launched. 

Important customer information is still missing during the design process. Thus, there is a 
need to reengineer traditional approaches of customer information gathering in order to seek 
new metrics or indicators that can be used in the product development process to satisfy 
customer needs (Chen, Yan, and Chen 2013) and to develop a strategy to identify the relevant 
customer data to use in the design process. Thus, aligning company goals and promoting 
knowledge-sharing.
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1.1 Research question

The research question is:

How should companies streamline the design process to focus on the most relevant 
customer data? 

To address this question, in this licentiate thesis the author has initially focused on exploring
how customer data should be processed to help designers to make more reliable design 
decisions on product features, i.e. towards a higher customer focus. Next steps to take into 
consideration in order to address the research question are discussed in future work.

1.2 Delimitations

This thesis is mainly focused on the concept development stage and, more specifically, on the 
setting and validation of targets. The author does not differentiate between the terms customer 
and consumer. By customer data the author refers to customer web-based data, surveys, 
questionnaires as well as usage data from customer products.

1.3 Thesis outline

This thesis is organized as follows. Chapter 1 introduces the topic and research question,
while the theoretical framework carried out in this thesis is presented in Chapter 2. Chapter 3 
presents the research design methodology, and Chapter 4 presents the results and discusses 
them. Lastly, Chapter 5 presents the conclusions of the presented thesis and Chapter 6 
discusses recommended future research directions.
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2. Theoretical framework
The following chapter presents the theoretical framework for the research presented in this thesis.

The theoretical framework is focused on approaches that aim to improve the design process 
towards a higher customer-focus. For this reason this chapter has been divided into three
general sections. The first section presents those studies that concern processing of big 
amounts of customer data in the design process, specifically in the target setting. The second 
section focuses on the studies that include customer satisfaction during the target setting.
Finally the third section discusses investigations which aim to model the relation between 
customer satisfaction and product performance.

2.1 Customer data into the design

Courtheoux (2003) says that a successful customer modelling is about 80% dependent on 
having the right data for analysis. This poses a challenge for many companies, since 
identifying the right data and ensuring its quality (i.e., robust, fresh, exhaustive and unique) is 
considered as a weakness in the process of translating data into value (Crié and Micheaux 
2006). According to Lycett (2013), the process of generating value should be an information-
technology-driven sense-making process. The author highlights some challenges that are now 
facing  many companies in the value creation process. For instance, the author argues that 
there is a need to represent more complex data in more aesthetically pleasing and informative 
ways. Crié and Micheaux (2006) also claim that the difficulties in achieving a perfect 
information value chain are due to technical, but above all, human and organizational aspect, 
since information should be placed at the centre of the organizational structure. In such a
context the role of cross-functional teams is very important. In fact, it is said that having a 
specific team goal, willingness to change, team cohesiveness, keeping the customer focus 
(Holland, Gaston, and Gomes 2000) and sharing insightful and useful knowledge (Haas and 
Hansen 2007) that it is easy to internalize (Kane 2010) are some of the critical success factors 
for cross-functional teams. 

2.1.1 Usage data from customer products
Customer and designer worlds differ, since they have their own knowledge and practices 
(Muller 2003). A way to understand how big (or small) this gap is is by evaluating the 
expected objectives (e.g., in the design process) and the real outcome (e.g., customer 
satisfaction) (Zhang and Doll 2001). Products can be experienced in different ways, for 
instance, in terms of meaning or emotional response and customer interpretation cannot be 
reliably controlled because it depends on the customer environment, previous experience and 
customer contexts (Crilly, Maier, and Clarkson 2008).

Products are, in fact, becoming complex systems that are successively equipped with more 
software and sensors (Dawid et al. 2016) and they offer opportunities for collecting data about 
how they are used in the customer environment, the analysis of which can produce valuable 
insights for companies  (Van der Vegte, Wilhelm Frederik 2016). While data collection of 
customer products is now mainly used for condition-monitoring; other data collection 
purposes, such as to include feedback to the design process, have been investigated as well. 
Främling et al. (2013), for instance, highlight that usage information about product individuals 
has not traditionally been seen as part of the product lifecycle management. However, to 
continually improve design, manufacturing, use and end-of-life handling of products such 
data is of great interest to obtain improved quality. Knowing how customers actually interact 
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with the products is said to enhance a company’s ability to segment customers, customize 
products, set prices to better capture value and extend them with value-added services (Van 
der Vegte, Wilhelm Frederik 2016). Dienst et al. (2014) propose a feedback system to help 
designers to improve products by means of usage data. The authors define the product 
improvement process in four modules: analysis (using statistical tools), diagnosis (using 
learning algorithms), decision support (defining evaluation criteria such as time, cost and 
quality) and prediction. The results of their case study highlight the potential of usage data for 
future product generations. However, its applicability to real cases is limited, since the authors 
do not provide enough details on the strategy companies should follow to focus on the right 
usage data or what indicators designers should consider to improve the design (i.e., towards 
higher customer-focus). According to Dienst et al. (2014), if a requirement is not met, there is 
room for improvement. While this is true, one should also understand how much this 
contributes to customer satisfaction. Efforts should be spent on those design requirements that 
highly affect customer satisfaction.

2.1.2 Other types of customer data
Other studies using different types of customer data such as social media, web-based data and 
online customer reviews have also been investigated in order to improve the design process. 
For instance, using big customer data as a main input of information, Jin et al. (2016) apply
sentiment analysis to identify sentimental information useful during a market-driven design 
process. The sentiment analysis is carried out in two steps; first the sentence obtained from 
online reviews is classified under subjective or objective and to do that the authors use a 
public data-set which includes 5000 subjective and 5000 objective sentences. When such 
classification is done, each subjective sentence is represented by a subjective lexicon. By 
using a Naïve Bayes sentiment classifier, sentiment polarities for the design requirements are 
defined which are used to estimate the customer need dynamics. Lastly, the authors propose a 
model where designers are able to compare their targets against the competitors by calculating 
the probability that the feature of the product p is better than the product k. 

By using customer online reviews, Wang (2011) develops a customer-driven product design 
selection and Chen et al. (2013) present a customer-oriented axiomatic product 
conceptualization approach based on web-based data mining. Shen et al. (2017) propose to 
use text mining to identify mismatch between patent databases and social media. If such 
mismatch exists, new potential product opportunities can be identified. Also, Li, Nahar and 
Fung (2015) propose a data mining approach to analyse customer online reviews of different 
tablet computer design requirements in order to support product customization. The authors 
extract information regarding user type (classified between personal, business and student)
and tablet design requirement. Once the information is extracted, association rule mining is 
used to identify any interesting patterns between them. The identified associations (e.g., to a 
specific user, with another subset of tablet design requirements or association between two 
user types) are used to define customized products. 

However, Dou, Zhang, and Nan (2016) argue that such approaches “lack flexibility to 
dynamically meet customers’ requirements and increase their satisfaction during the product
design process”, since customer satisfaction is not used to set customized targets. To address 
that, the authors propose a customizable design requirement recognition strategy by 
integrating the customer preferences obtained from the Kano model (see section 2.4) in an 
interactive genetic algorithm-based product design. Such integration helps customers to find 
the design requirements that better satisfy them. This is done by dynamically adjusting the 
activation states of customizable design requirements according to their influence on customer 
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satisfaction (obtained from the Kano model). The authors argue that the effectiveness of the 
proposed method depends on the Kano model analysis results.

Most of the above-mentioned approaches use customer opinion data such as customer online 
reviews and Kano questionnaires as the main source of customer information during the target 
setting. While such information is necessary in the design process, it is not sufficient. As 
shown in the previous section other types of customer data such as usage data provide 
valuable customer information that could be also used to better understand the customer. 
Moreover, while in the above-mentioned approaches new ways to include dynamics or even 
set customized targets are presented, correlations among design requirements as well as 
product performance effects on customer satisfaction are not implicitly included. This makes 
the process uncertain due to the many trade-offs that may exist.

2.2 Target setting

The interpretation of raw data gathered from customers leads to written statements 
representing the customer needs. Ulrich and Eppinger (2012) suggest that needs should be 
expressed in terms independent of a particular technological solution and avoiding the words 
“must” and “should”, since these imply a level of importance for the need. Moreover, to avoid 
loss of information the authors suggest that customer needs should be expressed at the same 
level of detail as the raw customer data and that “wording needs as statements about the 
product ensures consistency and facilitates subsequent translation into product 
specifications” (p. 83). However, not all needs can be cleanly expressed as product attributes.
Here, Ulrich and Eppinger (2012) suggest expressing the needs as attributes of the user of the 
product. The set of detailed customer needs is usually organized in a hierarchical list 
consisting of a set of primary needs (the more general ones), secondary needs and even 
tertiary needs. These needs and the relative importance or customer preferences are used to 
establish target specifications.

2.2.1 Quality Function Deployment
Quality Function Deployment or QFD (Akao 1990) is a common and broadly accepted
method for setting targets. Since design requirements are based on customer needs and 
competitive analysis, the process becomes customer-driven and market-oriented. The QFD
methodology uses a basic design tool (matrix) called House of Quality (Figure 2.1). The 
relationship between customer needs and design requirements is usually represented by means 
of the relationship matrix (Hauser and Clausing 1988). Thus, if a cell in the matrix is filled,
the customer need and the metric are related (see lower matrix in Figure 2.1). 

DRm + …
… … … …

DR1 … +
DR1 … DRm

CN1 d1 r11 … r1m

… … … … …
CNn dn rn1 … rnm

w1 … wm

Figure 2.1: Example of a House of Quality
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The relationship strength (rij) is usually defined using technical importance rating data lying 
on an interval scale (e.g., 1-3-9 or 1-5-9). Due to the existing trade-offs between different 
design requirements, the House of Quality is also formed by a correlation matrix which is 
usually filled with ‘++’, ‘+’, ‘-‘ or ‘--‘ if the correlation between two design requirements 
exists (see upper matrix in Figure 2.1). These symbols help the company to identify whether 
such correlation is negative or positive, as well as its strength. Taking customer preferences 
(di) regarding each customer need into account and considering the relationships (rij), the 
importance rating of each design requirement (wj) is calculated as shown in eq. (1). The 
results help to efficiently allocate resources according to the customer voice. In order to 
obtain wj normalized values, rij must be normalized. 

wj=sumi=1…n (di*rij) (1)

Besides the recognition of Big Data analytics as an important source to obtain the voice of 
customer in the QFD (ISO 16355-1:2015), most of the presented approaches still use 
traditional sources such as questionnaires as the main input of information (see next 
subsections). One of the reasons might be that QFD is a methodology that uses customer 
preferences (di) as the main input to set targets while the information one can obtain from 
social media, web-based data as well as usage data is much broader. This suggests that 
traditional approaches of customer information gathering must be reengineered in order to 
seek new metrics or indicators that can be used in the product development process to satisfy 
customer needs (Chen, Yan, and Chen 2013). Strategies able to include such new indicators in 
the QFD should be investigated.  

2.2.1.1 Wasserman model
Wasserman (1993) argues that the process of target setting is not accurate because QFD 
correlations are not included in the importance rating calculation (see eq. (1)). To include the 
trade-off between design requirements, the author proposes an extension of the relationship 
normalization procedure and introduces an expression for maximizing customer satisfaction
(s), as shown in eq.(2)

max s = sumi=1…n di*(sumj=1…m rij*xj) (2)

The relationship between a customer need and design requirement (rij) is interpreted as the 
incremental change in the level of fulfillment of a customer need for a given level of 
fulfillment (xj) of the jth design requirement. In fact, the decision variables xj are assumed to 
be scaled on a percentage basis where xj=100% denotes complete fulfillment of the objective 
target set for the jth design requirement.

Since then, many approaches have taken as basis the customer satisfaction model proposed by 
Wasserman, where customer satisfaction is considered to be linearly increasing with product 
performance. However, “the relationship is not as simple as linear. For some customer 
attributes, customer satisfaction can be greatly improved with only a small improvement in 
performance; while for some other customer attributes, customer satisfaction can only be 
improved a little” (p.1143) (Tan and Shen 2000). The relationship between product 
performance and customer satisfaction is addressed in section 2.3.
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2.2.1.2 Modelling the relationship matrix

Many authors argue that the process of setting the target levels in the QFD is, in general, 
accomplished in a subjective ad hoc manner, or in a heuristic way (Sener and Karsak 2010).
Due to many trade-offs that may exist among implicit or explicit relationships between 
customer needs and design requirements as well as among design requirements, these 
relationships are difficult to define by means of engineering knowledge. Moreover, it is said 
that the relationships between customer needs and design requirements are vague, since 
customer needs, which tend to be subjective and qualitative, need to be translated into design 
requirements which are more quantitative and technical. Likewise, data available regarding 
correlations between design requirements obtained from, for instance, tests, are also often 
limited and inaccurate (Sener and Karsak 2010). Here, fuzzy regression is employed to assess 
the relationships in QFD through incorporating both quantitative and qualitative information. 
Several studies utilized fuzzy regression to estimate the relationships in QFD (Chen, Yan, and 
Chen 2013; Delice and Güngör 2013; Zhong, Zhou, and Chen 2014). While design 
requirement data are used to model correlations among design requirements, benchmarking 
data are the main information input to model relationships.

2.2.2 Other ways to set targets
Many studies cite customer involvement in different stages of the product development 
process as a means of delivering more customer-focused products (Ardito et al. 2012).  Some
of the strategies such as empathic design, contextual design and applied ethnography make 
designers move towards customers in order to understand their worlds and their experiences,
while in other approaches such as co-design, lead user approach and participatory design, it is 
the user who is participating and contributing to design.  Some researchers have voiced some 
warnings to keep in mind when user involvement is applied in companies. For instance, Van 
Kleef, van Trijp, and Luning (2005) argued that people may be unaware of their needs or 
unable or unwilling to express them. Stewart and Williams (2005) warned against over-
emphasizing the findings from a small number of users and creating an over-customized 
product that will interest only a few. One must bear in mind also that what customers say they 
want very seldom represents what they really need (Bosch-Sijtsema and Bosch 2015).

2.3 The relationship between product performance and customer satisfaction

Kano et al. (1984) proposed a model to connect customer satisfaction sensitivity to product 
performance. The model, by means of a customer questionnaire, divided customer needs into 
three main categories: attractive, one-dimensional and must-be. Must-be needs refer to 
product features that the customers expect in a product, thus making customers feel 
dissatisfied without its existence. One-dimensional needs are product features that customers 
expect and request; thus, customer satisfaction increases when these are met. Attractive needs 
are product features that the customer does not expect and that positively surprise them.

Classifying design requirements to the Kano model provides designers with valuable 
information that can be used when designing new products or when improving existing ones 
(Violante and Vezzetti 2017). Thus, different approaches have been proposed to extend the 
Kano model from qualitative to quantitative in order to abandon the strictly linear view of the 
impact of product performance on customer satisfaction as shown, for instance, in the 
Wasserman model (see section 2.2.1.1). Berger et al. (1993) introduced the customer 
satisfaction coefficient for a given design requirement. Such a coefficient gives an indication 
of how strongly a product feature may impact on customer satisfaction (i.e., positive customer 
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satisfaction coefficient, SI) or on the other hand, how strongly the non-fulfillment of a design
requirement may influence customer dissatisfaction (i.e., negative customer satisfaction 
coefficient, DI) (Matzler et al. 1996). Note that while Berger’s customer satisfaction 
coefficient identifies the percentatge of satisfied or dissatisfied customers, it does not identify 
the degree of satisfaction (Violante and Vezzetti 2017).

Fuzzy Kano models consist of open survey questions and have been proposed by different 
authors (Wu and Wang 2012) arguing that the traditional Kano model only deals with a 
certain range of answers through a sampling survey, suggesting thus that the results do not 
reflect the complex thought of individuals (Violante and Vezzetti 2017). It is argued that such
questions in general require more time and effort to be answered, causing a drop in 
respondent rate. Xu et al. (2009) proposed an analytical Kano model where the results from 
the Kano questionnaires are used to derive customer satisfaction, referred to as Kano indices. 
This index is later used in the model together with a set of criteria to classify customer needs. 
The authors also proposed a configuration index, which is understood as a decision factor for 
selecting those design requirements that fulfil customer expectations.

In order to visualize the impact of customer requirements on customer satisfaction, Clegg, 
Wang, and Ji (2010) model the relationship between customer satisfaction and design 
requirement fulfillment. To do so, for each design requirement the satisfaction coefficients (SI
and DI) proposed by Berger et al. (1993) are calculated for each design requirement. The 
authors do so to reflect the average impact of a design requirement on the satisfaction of all 
customers. Then, by assuming that the calculated SI coefficient belongs to a 100% fulfillment 
of the product feature and the opposite for the calculated DI coefficient, the authors define the 
relationship functions. One-dimensional customer needs are defined as a linear function 
where the slope of the function corresponds to the difference between CS and DS. To 
represent attractive and must-be customer needs an exponential function is used instead.  The 
authors suggest that such an approach could be integrated with different design tools such as 
the Quality Function Deployment and highlight that attractive and must-be relationship 
functions should be developed in a greater detail.

Some Kano questions can become very difficult to answer when faced with the increasing 
complexity of products. In turn, this results in difficulties for designers to translate the impact 
of a design decision into customer satisfaction. New ways to identify Kano categories should 
be explored by taking advantage of the amounts of customer-generated data, thus expanding 
the sample of customers being analysed in a more cost-effective way.

2.3.1 Integration of Kano model in the Quality Function Deployment

With broad acceptance of QFD and the possibility of using Kano model to make the 
relationship between customer satisfaction and product performance visible, some approaches 
have focused on the integration of both methods together with the aim to make customer 
needs that highly affect customer satisfaction more visible in the design process. To do so, 
most of the presented approaches in the literature modify the traditional way QFD calculates 
customer preferences (di) instead of integrating quantitative Kano model as a new way to 
mathematically represent the relationships (e.g. Tan and Shen 2000; Tontini 2007; Chaudha et 
al. 2011). The aim of these approaches is to modify customer preferences (di) so that the 
resulting relative importance of each design requirement is balanced according to Kano model
by considering that, for some design requirements, the improvement in performance must be 
very huge in order to achieve a high customer satisfaction improvement ratio while for some 
others a small improvement it is enough. 
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3. Research approach 
In this section the research approach carried out is presented.

The research approach carried out in this thesis is shown in Figure 3.1. First, an initial
literature review of studies is conducted, dedicated to improving the design process. Some of 
the most common used keywords in the articles from such literature review are illustrated in 
Figure 3.1. The initial literature review highlights a gap in customer satisfaction modelling, 
calling for further study (see Figure 3.1). This then lead to a focusing on the target setting 
stage.

Initial
Literature
Review

Customer
satisfaction
modelling?

Literature
Review Paper A

Paper B

Customer satisfaction modelling

Risk indicator

Case study

Approach

Target Fulfillment 
indicatorApproach

Data collection

Case study Data collection

Customer-centric
Customer satisfaction

Customer focused products
Customer data

Customer need dynamics

Embedded sensors
Customization

Research Question

Focus on 
target setting

Customer
environment

?

Literature
Review

Figure 3.1: Research process

Paper A presents an approach to model customer satisfaction function as well as a risk 
indicator. In order to show the applicability of the proposed approach a case study is 
developed. Information from 404 car drivers from Russia was gathered from traditional 
sources such as surveys and interviews concerning driving conditions. Due to the lack of 
availability of usage data from customer products in the Russian market, usage data from 21
car drivers from Sweden were applied in the analysis, where 10 of the vehicles were plug-in 
hybrids. The strategy used in the case study is of comparing the amount of information used 
during the target setting by means of calculating the risk indicator. For this purpose three 
scenarios are created (0, 1, 2), as shown in Figure 3.1. Scenario 0 represents the common 
customer data used during the target setting, i.e. a set of customer needs and preferences. In 
Scenario 1 and 2, usage data from customer products is added. The difference between the last 
two is that in Scenario 2, usage data is from customer products in the same market. In order to 
see if differences among scenarios exist, the information available in each of them is used to 
calculate customer satisfaction and risk factor. In order to avoid subjectivity in the findings, 
the conditions (e.g., MATLAB® codes) have not been changed among the scenarios. To 
calculate the risk indicator, the importance of different data sources (e.g surveys and sensors) 
is required. To obtain these in the case study, a cross-functional team discussion was carried 
out. Due to confidentiality reasons, the surveys and usage data cannot be provided and 
therefore the results are not replicable. However, the methodology is described in greater 
detail to be used with any other data. 

As shown in Figure 3.1 other factors such as customization and customer need dynamics are 
also important issues to consider in the design process. For this reason, other aspects such as 
customer proficiency and customer satisfaction when the product is adopted and used in the 
customer environment is the focus in Paper B, which presents a target fulfilment indicator. In 
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order to show the applicability of the proposed indicator a case study is presented where 
customer needs are obtained from a questionnaire of 15 drivers from Sweden. Data logging 
has been available for two models of cars that are driven in different markets; 13 cars in 
Sweden; 6 cars in the USA and 7 cars in the UK. While customer preferences are calculated 
from a sample that does not match the samples where data logging is obtained, the results do 
not affect the validity of the approach, since the aim is to capture changes among customers 
and markets. Thus, if customer preferences are updated, variations will be also updated and 
still be visible. It is of interest to use customer data from different markets in order to show 
the applicability of the methodology. While it is assumed that the data generated for each 
product correspond to one driver, cars included in the study were used privately, which means 
that more than one driver per car may have contributed to the results. As already mentioned 
for Paper A, due to confidentiality reasons the surveys and usage data cannot be provided and 
therefore the results are not replicable. However, the methodology is described in greater 
detail to be used with any other data.

All the cars involved in the analysis (in both Paper A and Paper B), are equipped with a data 
recorder for downloading measurement tasks to the car and uploading data from the car. The 
data recorder logs data continuously during the journey. The measurement task i.e., which 
signals are to be read on the CAN and LIN buses, respectively, is fed to the recorder and the 
measurement values are then sent to the MCD hub, where the information is stored. 
Uploading of data from the car to a portal took place when the car had been switched off. 
Sampling times differed for various signals. All data from all vehicles were stored via the 
portal. In the subsequent analysis, the different signals were transformed by means of linear 
interpolation to a common time matrix. Although the car models differ, the performance and 
features involved in the case studies are comparable across the different car models.
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4. Summary of appended papers
This section presents the summaries of the appended papers.

4.1 Paper A

Considering the potential of customer data now residing in many companies, the aim of Paper 
A is to explore how different types of customer data such as usage data can be factored into
the design process by means of the Quality Function Deployment. The goal is to increase
designer awareness of customer satisfaction sensitivity when a change in product performance 
is made and thus to reduce designers’ assumptions.

4.1.1 Customer satisfaction: a function of design requirements
Paper A defines customer satisfaction as a function of design requirements by combining 
different types of data such as surveys and usage data. By doing so, customer-perceived 
quality of a product attribute but also the customer’s way of using the product in their own 
environment is considered in the design process.

As previously mentioned in Chapter 2, customers are not able to show their preferences for 
specific highly technical attributes, although these may be a key component for product 
quality. In fact, customers express their needs and satisfaction in their own language, and 
efforts should be spent to define customer needs from a customer point of view in a way that 
they become measurable. Such definitions do not always correspond to a design requirement 
or in a target value, since they lose customer information. For instance, for the development 
of a new electric car, if one of the customer needs is expressed as “Long electric range”, little 
information is given to the design process and leads to different interpretations among the 
team members. In fact, such a need should be defined as, for instance, “enough electric range 
to be able to go from home to work during all the week without charging”. Once such 
definitions are obtained, the cross-functional team is able to define customer satisfaction as a 
function of design requirements with little or no subjectivity. The reason is that by analysing 
how the customer uses the product, design requirements can be connected to the measurable 
customer need. Taking the above-mentioned example, by analysing usage data, driver 
behaviour can be modelled and thus use it to predict how much the battery capacity will drop. 
At the same time, questionnaires regarding such a measurable customer need can be used to 
gather the different satisfaction levels, since it is expressed with the voice of the customer. 
Data mining techniques could be also used to search for such specific information. 

Thus, one could say that customer needs are the interface at which design requirements and 
customer satisfaction are connected (see Figure 4.1). Moreover, the connection helps to 
identify the degree to which customer satisfaction is altered by a change in the fulfilment of a 
given customer need (solid arrow in Figure 4.1) but also the opposite, how an improvement in 
customer satisfaction would be translated into new product specifications (discontinuous 
arrow in Figure 4.1). By providing this connection the gap between the customer world and 
the designer world is diminished, since both customer (satisfaction levels) and designer 
languages (parameters from usage data, i.e., design requirements) are used.
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Figure 4.1: Connection of customer and designer world towards customer data

When dealing with customer data, the cross-functional team should be aware that if the 
quality of the data is low, the predicted customer satisfaction may be wrong. For this reason 
Paper A also introduces a risk indicator which states the risk of predicting the wrong customer 
satisfaction and thus, setting targets based on low customer data quality. By doing so, the 
cross-functional team is aware of the available customer information and what sources should 
be analysed or updated. To calculate such risk, first of all the importance of each information 
source (i.e., usage data and web-based data) is calculated by means of the Analytical 
Hierarchy Process (Saaty 1980). In such a process, each customer data source (e.g. survey, 
usage data,…) is evaluated regarding the value of information each source can obtain 
regarding: (1) new market demands such as market trends and technology readiness, (2) 
competitors’ positions i.e., information regarding companies delivering comparable products 
to the new market and lastly, (3) customer needs and delights (satisfaction) i.e., customer 
information to build the customer picture. Once the importance of each source is obtained, the 
company defines how good the quality of the data from the specific source is. This results in 
the expected risk of failing when launching the product. 

4.2 Paper B

While the role of usage data together with other types of data has been explored in Paper A to 
investigate new ways to define customer satisfaction, in Paper B the aim is to encourage the 
use of generated data from customer products to gain customer understanding and to be able 
to make more reliable design decisions.

4.2.1 Target Fulfilment indicator 
Paper B presents a target fulfilment indicator with the aim of making visible to designers how 
far from the real customer-focus their decisions are i.e., how big the difference is between the 
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expected customer-product interaction (designer world) and the real customer-product 
interaction (customer world). Such an indicator validates the designer decisions of the 
launched product, since these are compared with the real product feature usage of the 
launched product in the customer environment.

The designer decision for a given product feature/design requirement (DRj) is defined by two 
parameters: the target value of the feature ((1) in the x axis of Figure 4.2) and the maximum 
positive and negative variation of the target value ((2) in the x axis of Figure 4.2). Such 
parameters are later used to model the target fulfilment function (continuous line curve shown 
in Figure 4.2) which represents the performance that the designers expect the product feature 
will have in the customer environment. Note then that the target fulfilment function is defined 
according to designer assumptions on the customer picture. Thus, if such a function is 
compared with the real customer environment, differences between the customer’s world and 
the designer’s world can be identified. In order to make it comparable, product performance 
in the customer environment must also be translated into target fulfilment values. Thus, 
product usage data are used to identify the fulfilment function of the product feature in the 
customer environment (discontinuous line curve shown in Figure 4.2). The combination of 
both curves indicates the difference between the customer and the designer, and the target 
fulfilment indicator can be calculated.

Figure 4.2: Example of customer way of using the product vs. designer assumptions

Note that the example illustrated in Figure 4.2 shows a clear difference between designer 
assumption regarding customer-product interaction in the customer environment and the real 
customer way of using the product. In other words, the customer-product interaction for a 
specific feature differs from the designer’s conceptual model of the customer. The reason why 
the target fulfilment is low must be found before re-engineering a feature in the next product 
generation. It may be either that the product’s feature is not delivering what the customer 
needs or desires and thus is not used up to product’s ability (wrong target value) or that such a
feature is not intuitive, thus causing a low target fulfilment (feedback to the customer is 
needed). Paper B suggests that new surveys and interviews need to be generated to capture 
customer feelings and interpretations of such specific features and to understand customer-
product interaction.
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To identify customer satisfaction differences among customers due to their way of using the 
product, Paper B translates target fulfilment values into real customer satisfaction. To do so, 
the customer satisfaction model proposed by Wasserman (1993) is taken into account.
However, instead of using Wasserman’s decision variables xj (see eq.(2) in section 2.2.1.1),
the target fulfilment obtained from customer data is used instead. This makes it possible to 
estimate customer satisfaction considering customer environment and way of using the 
product. By translating target fulfilment into customer satisfaction, product features that 
contribute to total customer satisfaction can be identified. This helps the team to set targets 
with a greater focus on the customer by understanding their environment and way of using the 
product.
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5. Conclusions 
This chapter discusses the results of this work.

This work provides a novel way to define customer satisfaction functions and validate 
designer decisions by means of using customer data. The methodologies presented in Paper A 
and Paper B introduce indicators (i.e., customer satisfaction and target fulfilment) to help 
designers on the setting of targets towards a high customer focus by making customer needs 
and way of using the product visible in the design process. In addition, the potential of using 
usage data from customer products for future product generations is shown. The 
methodologies allow the identification of differences among customers, thus suggesting an 
appropriate level of customization for the sample being analysed. In the rest of this section the 
research question will be discussed, bringing together the results presented in Paper A and 
Paper B.

How should companies streamline the design process to focus on the most relevant 
customer data? 

In Paper A customer satisfaction is defined as a function of design requirements by linking 
customer data from sources such as surveys and social media together with usage data. By 
doing so, customer-perceived quality of a feature and the customer’s way of using such a
feature become visible during the target setting, and assumptions regarding the relationship 
between customer needs and design requirements (as traditionally done in QFD) are avoided.
Since designers are more aware of the target population and a change in targets can be 
translated into customer satisfaction and vice versa, design decisions become more reliable. In 
addition, customer satisfaction variability regarding the way of using the product as well as 
regarding satisfaction values can be identified. This helps designers to identify different 
customer profiles and different solutions for the target market. Moreover, since the customer 
satisfaction modelling is based on customer data, if such data are updated, the satisfaction 
values are as well. Thus, changes in customer needs can be easily tracked. The benefits of the 
methodology on identifying customer profiles increases when usage data and data obtained 
from sources such as surveys and social media can be connected.

By defining customer needs at a measurable level and according to the voice of the customer, 
the cross-functional team is able to bring the relevant customer data into the decision making 
process. This is due to the fact that the measurable customer need indicates which usage data 
from customer products and what kind of customer information from surveys and 
questionnaires should be gathered. Social media and web-based data should also be used in 
the analysis. Moreover, the risk indicator reveals to the design team if customer information is 
lacking when modelling customer satisfaction functions. Thus, if risk is high customer 
information must be updated or new measurement tasks should be established. This strategy 
helps the team to implement a more customer-focused measurement task for future product 
generations, to select the relevant customer data as well as to manage the big amounts of data 
already existing in the companies. The use of different types of customer data helps the team 
to align different points of views of the same problem, since customer satisfaction is the 
language used by team members to validate their decisions regarding launched products as 
well as to evaluate their decisions for future product generations. Using a language that is 
understandable across all the levels of the company promotes knowledge-sharing and 
alignment of goals. 
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One may argue that the proposed process to define customer satisfaction might be time costly 
if customer data are not already in company databases. However, once implemented, the 
customer satisfaction functions only have to be updated once new customer data are gathered. 
Ultimately, this may reduce the time designers spend on searching for usable information to 
set targets. Moreover, the presented methodology has good potential for application in a
complex real-world context, since large amounts of data as well as sensors i.e., Big Data, are
now available in many companies. 

In Paper B the potential of usage data from customer products to support product 
improvement and future product generations is studied in greater depth. As a result, a target 
fulfilment indicator that helps designers to validate their decisions with regard to launched 
products is proposed. Thus, the indicator is used as a feedback channel that provides new 
information in the design process. If big differences exist, the indicator is a warning for 
designers, since it indicates that customers are using the product differently than designers 
expected in the design process. Thus, new questionnaires and interviews should be designed 
in order to capture customer opinions, feelings and interpretations of a specific product 
feature. By calculating how much a product feature is fulfilled by a target population it is 
possible to identify differences among customers regarding the way of using the product and 
thus classify the customer-product interactions. By translating target fulfilment into customer 
satisfaction, the design team is able to identify the most important features to address in future 
product generations but also to design customized feedback to customers to improve product 
proficiency, if required. Moreover, by means of this indicator, eliminating the disused 
function is less of an issue, since usage data shows if a feature is not used and the surveys 
show that such a feature is not valued. In other words, it is customer satisfaction that is 
driving the process.

One may keep in mind that the use of different types of data during the target setting phase 
can generate a lot of information about the customer. From this a landscape where the line 
between ethically appropriate and inappropriate is not clearly delimited evolves. In order to 
provide transparency to the organization, ethical guidelines regarding customer identity, 
ownership, privacy and reputation should be considered within the company. Thus, it is 
extremely important to take into account the customer’s incentive to agree to the type of study 
proposed in this work.
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6. Future work 
This chapter discusses recommended future research directions.

From the results in Paper A and Paper B different future research directions have been 
identified:

As shown in Paper A, customer needs need to be measurable and expressed according to 
the voice of the customer. While the definition of customer needs is a key factor of 
success in the process of modelling customer satisfaction, the presented approach gives 
little advice on how these customer needs should be derived. This suggests that the 
process of searching for relevant customer data, i.e. defining measurable customer needs,
as well as the role of the cross-functional teamwork in such process needs to be explored.

The presented methodologies support the process of identifying differences among 
customers regarding their way of using the product as well as their satisfaction. Thus, the 
use of different clustering techniques able to define customer profiles by means of 
different customer data could be of interest. The clustering methods should help designers 
to identify what population has low customer satisfaction and the reasons (i.e., by 
analysing the customer’s way of using the product) as well as suggesting whether 
customization is feasible.

Targets are usually modified due to geometry and manufacturing constraints. This 
suggests that the results obtained in Paper A and Paper B could be extended to the 
subsequent stages such as generation and selection of product concepts, thus exploring 
new dimensions to improve simulation-driven design. By integrating customer satisfaction 
as a function of design requirements into the simulation process, the design team could 
also be able to validate their changes in the model of the product concept. Concept 
selection would therefore become sensitive to customer satisfaction, constraints inherent 
in the product concept and limitations identified through technical modelling. To generate 
concepts towards more reliable customer information such a strategy may contribute to
sharpening company strategies regarding customer data gathering and help to identify 
what customer information is lacking.
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Combining customer needs and the customer’s way of using the product to set
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An increasing number of products are equipped with software and sensors. This suggests that, in order to deliver more
customised performance, future products will be developed to accommodate systems that supply information on how
these products are used. Today, information on the customer’s way of using a product is seldom factored into product
design, but the opportunities for making use of it are increasing dramatically due to the amount of available data that
can be logged. The proposed methodology is to formulate Customer Needs at a detailed level to be able to link customer
satisfaction with a clear interface to the Design Requirements. These links are obtained by combining information
acquired by means of surveys, among other methodologies, as well as usage data from customer products. The method
is based on the planning House of Quality and also takes cost and risk into consideration. Risk is estimated using the
Analytical Hierarchy Process, whereby a hierarchy of the most relevant customer information is constructed to make
designers aware of how customer-focused the design process is. To validate the proposed methodology an illustrative
example is presented. Results show that the method provides valuable information that enables the company to remain
customer-focused during the whole process but also when strategic decisions on price and product launch are made.

Keywords: House of Quality; customer products; customer satisfaction functions; usage data; design process; Analytical
Hierarchy Process

1. Introduction

The fundamental nature of competition in many industries (e.g. computers, automobiles, machine tools) is changing for
many reasons, three of which Kotha (1995) identified as: the emergence of new manufacturing technologies; the shifting
nature of customer product demand for increased product variety, more features and higher quality in products and ser-
vices, and the increased pace of technological change.

Regarding this last issue, due to trends such as big data and the Internet of Things, products will be developed
towards systems that supply information on how they are used (Porter and Heppelmann 2014). In fact, Porter and
Heppelmann (2015) suggested that due to the vast quantities of data now available, products are capable to be moni-
tored, controlled and even work with complete autonomy (i.e. smart products). Products are, in fact, becoming complex
systems that are successively equipped with more software and sensors (Dawid et al. 2016); thus, information on how
the product is used is already available in many companies and should be used to build a more accurate customer pic-
ture and improve upcoming products.

The collection of usage data to obtain particular insights about the customer has been common for long time in the
exploitation of websites and software, as well as hardware such as computers. Now, with the technological growth, more
and more types of products offer opportunities for collecting data about how they are used and the analysis of it can
produce valuable insights for companies (Van der Vegte 2016). This issue points to the need for new procedures to
obtain valuable customer information.

From one side, even though data collection of customer products is mainly used to manage maintenance of other
data collection purposes, such as to include feedback to the design process are investigated as well (e.g. Främling et al.
2013). Thus, making the conversion of data into knowledge a challenge (Barnaghi, Sheth, and Henson 2013; Chen,
Mao, and Liu 2014). In order to build a better understanding of customers, information generated from sensors built into
customer products can become important if these are used more proactively by installing well-designed measurement
tasks in the product. For instance, Marti Bigorra and Isaksson (2016) propose a methodology to integrate information
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about customer–product interaction into the Quality Function Deployment in order to quantify actual customer
satisfaction and identify future product improvements using usage data from customer products.

From the other side, many studies cite customer involvement in different stages of the product development process
as a means of delivering more customer-focused products (Carroll 2000; Chen, Khoo, and Yan 2002; Prahalad and
Ramaswamy 2004; Ardito et al. 2012). Different approaches are also used to capture the customer voice and gather the
most important Customer Needs (CNs), such as the one proposed by Kano et al. (1984). However, one must bear in
mind that what customers say they want very seldom represents what they really need (Bosch-Sijtsema and Bosch
2015).

This suggests that already existing techniques for gathering CNs together with the emerging reality of existing usage
data from customer products, can create new ways to engage with customers as well as new strategies for capturing and
creating customer value.

This article proposes a methodology to model customer satisfaction functions by combining customer preferences
regarding a specific product with data about the way the product is used. To do so, the planning House of Quality
(HoQ) is used as basis and relationships between CNs and DRs as well as correlations among DRs are defined
accordingly. In order to obtain optimal targets, cost and risk are taken into account in the proposed methodology as
well. Risk, which is calculated using the Analytical Hierarchy Process (AHP), refers to the risk of designing a
non-customer-focused product. The intention with this article is:

(1) to make QFD capable of transforming the customer’s way of using the product into customer satisfaction by
decomposing CNs at a very detailed measurable level and linking it to Design Requirements (DR) and customer
satisfaction, and

(2) to keep the designers customer-focused and reduce the number of assumptions that experts need to make when
introducing a product in a new market. This reduces risk in the design process.

The paper is organised as follows. A literature review regarding the Quality Function Deployment and related
improvements is presented in Section 2. The proposed methodology is described in Section 3 and an illustrative exam-
ple is presented in Section 4 with the aim to validate the proposed method. Conclusions are presented in Section 5.

2. Literature review

This section reviews the Quality Function Deployment, which is a methodology for producing products, goods or ser-
vices based on the Voice of the Customer (VoC) (Akao 1990). The method consists of four sets of matrices called the
HoQ. These are developed in different stages of the product development process, from product planning to the produc-
tion and operation stages. The review emphasises the first one: the planning HoQ.

In the planning HoQ, CNs are translated into DRs through the relationship matrix, which by several authors (Hauser
and Clausing 1988; Van de Poel 2007) is considered the central element of the QFD method. Kano et al. (1984) pro-
posed an approach to determine which influence the components of products and services have on customer satisfaction,
dividing them into three categories: must-be, one-dimensional and attractive. Strategic customer surveys (Kano question-
naire) are used to determine the latter. In fact, some authors combine Kano’s model of customer satisfaction with the
planning HoQ (Lai, Xie, and Tan 2004; Lee, Sheu, and Tsou 2008; Delice and Güngör 2009).

In the HoQ, each cell of the matrix represents the strength of the relation, usually in a 1-3-9 or 1-5-9 scale. The cor-
relation matrix is usually filled with ‘++’, ‘ + ’, ‘-’ or ‘–’ where correlation between two DRs exists. These symbols
help the company to determine whether such correlation is negative or positive as well as its strength. Since then,
improvements in the HoQ methodology have been presented in the academic world. Some researchers follow the same
strategy as the original methodology when defining the relationships and correlations.

For instance, Wasserman (1993) proposed a linear decision model for prioritisation of DRs under a cost restriction.
Cost was represented as the incremental increase in unit cost associated with a change in the level of fulfilment of the
CNs. Using the same equation formulation as in Wasserman’s model, Tang and Paoli (2004) proposed a linear program-
ming model to maximise customer satisfaction and cost. Bode and Fung (1998) integrated the trade-off between product
cost and product quality into Wasserman’s model framework. Later, Fung et al. (2002, 2003) proposed other models,
considering that resources committed fully to attaining the design target for one DR have an impact on those for other
DRs and thus, they cannot be treated linearly.

The above-mentioned studies use technical importance rating data lying on an interval scale, which is obtained by
organisational judgement based on engineering knowledge. This makes the proposed process imprecise, since it relies
on specialist experience regarding such relations (Kim et al. 2000). In order to reduce the impreciseness of rating scales
when defining relationships and correlations, different authors have presented different techniques to model relationships
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using customer and technical competitive analysis data. These techniques can generally be classified into two groups:
using statistical regression (Dawson and Askin 1999; Luo, Kwong, and Tang 2010) and using fuzzy theory (Kim et al.
2000; Chen et al. 2004; Chen and Chen 2006; Fung, Chen, and Tang 2006; Kwong et al. 2010; Sener and Karsak
2010; Delice and Güngör 2011, 2013; Zhong, Zhou, and Chen 2014).

In fact, the use of fuzzy theory to model relationships highlights the fact that designers are often forced to make
assumptions because of a lack of customer information. Relationships need to bring important quantitative meaning to
analytical models (Moskowitz and Kim 1997). Only by finding strategies for obtaining valuable customer information
can uncertainty be alleviated and customer satisfaction functions based on more reliable and objective statements be
designed.

3. Methodology

The methodology is divided into eight steps which are explained below in more detail. Some of these steps are corre-
lated to each other, as shown in Figure 1. Note that Steps 4 to Step 6 depend on the company’s knowledge of the cus-
tomer, and Steps 5 and 7 are based on Step 4.

Even though the Case-Based Reasoning (CBR) process is mainly used in the area of computer reasoning, (Aamodt
and Plaza 1994) provide an extended review of the CBR framework in their work), the proposed methodology has some
points in common with CBR, particularly with respect to the stages of knowledge representation, reuse and retention.

The idea behind the proposed methodology is to combine all the new information, obtained from customers and
measurements (knowledge representation), together with the already existing information (reuse) to improve the under-
standing of the customer (retention). This information is used to modify the HoQ by replacing each row of the relation-
ship matrix by a function that represents customer satisfaction for a given CN (Steps 4 and 5). These satisfaction
functions combined with risk (Step 6) and cost (Step 7) are later used to set customer-focused targets.

The approach is centred on relating DRs to customer satisfaction by combining customer and measurement informa-
tion. However, other essential steps when setting targets, such as the gathering of CNs and the anchoring of customer
understanding, are briefly discussed.

Terminology list
CN Customer Need
DR Design requirement
g Correlation function between DRj and the rest of DRs
h Function relating scost with DRj

HoQ House of Quality
K1 Maximum acceptable risk for the company
K2 Minimum acceptable customer satisfaction value for the new product’s cost

Figure 1. Methodology of the presented approach.
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m Maximum number of DRs
n Maximum number of CNs
OCS Overall customer satisfaction
OPs sth decision option
ows Overall priority scale for the sth alternative to obtain information
p Maximum number of decision option/sources of information
R Risk to launch a product in a new market with the available customer information
scost Customer satisfaction regarding the cost of the product
si Customer satisfaction associated to CNi

VoC Voice of the Customer
wi Relative demanded weight of the CNi

3.1 Step 1: gathering the CNs

There are different methodologies for gathering CNs. These include dialogue with dealers and sales staff, customer sur-
veys, customer interviews, focus group discussions, market research, community forums, observations, trained observed
ratings and benchmarking data. In fact, any source from which customer information can be gathered is extremely
important. For this reason, customer information from existing documents concerning products that are comparable with
the new one can also provide hints when gathering CNs; therefore, if available, this information needs to be considered.
In this article, ‘Source A’ refers to all the customer information gathered by means of the above-mentioned methodolo-
gies. This information should help the cross-functional team to define CNs so that they can be represented with a quan-
tifiable variable.

3.2 Step 2: anchoring customer understanding

Once the quantifiable CNs are identified and their prioritisation is known, such knowledge needs to be anchored to the
company in order to be able to develop customer-focused products. Norman (1988) emphasised that a good mapping
between user mental model and designer conceptual design model should be established to achieve good product design.
Consequently, understanding customer voice and enhancing design characteristics which meet CNs and thus increase
product competitiveness are the challenges for designers. Lin et al. (2008) present a framework that integrates the AHP
and the Technique for Order Preference by Similarity to Ideal Solution (TOPSIS) to address the critical linkage between
users and designers. Karlsson and Isaksson (2011a) used an in-house survey to anchor the customer picture among dif-
ferent departments.

3.3 Step 3: combining A and B sources

Once the company has anchored the customer picture among its departments, data logging (referred to in this article as
Source B) becomes a valuable source of information to complete the customer picture and improve customer knowledge
(Karlsson and Isaksson 2011b). Even though the combination of both sources (A and B) to get new customer informa-
tion is not frequent today, opportunities for doing so are increasing sharply for some products due to the amount of
available logged data contained in the product. In fact, the combination of both sources can give rise to two different
issues:

• New measurement tasks (from Source A to Source B): data logging can be used to validate and/or understand
some of the customer opinions gathered in Source A. It is in fact under this stage that new measurement tasks,
highlighted by the customer voice, are identified. If these measurements do not exist, then the company is not able
to validate targets that directly affect customer opinions.

• New questions for the customer (from Source B to Source A): the aim of many companies is to validate product
performance once the product is already in the market in order to validate designers’ assumptions. If data logging
information regarding a specific target is available, by comparing values, this validation can be done. However,
one may take into account customer opinions on the same target. From the validation process, a target can be ful-
filled at the level that the designers have decided, but customers may still not be satisfied. Also, when studying
the customer’s way of using a product, it might be the case that what data logging shows is not what Source A
provides. In such cases, new questions that aid understanding of the reason for that happening may arise.
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The learning process (Steps 1–3) is, as shown in Figure 1, a dynamic and bidirectional process constantly oscillating
between the A and B sources. In fact, company knowledge (discontinuous circle in Figure 1) is or should always be
updated when relevant information in the combination arises, contributing at the same time to the subsequent steps.

3.4 Step 4: relationship and correlation matrix

In order to reduce designer assumptions as much as possible, once the customer picture obtained in the previous steps
is clear, CNs are used by the design team to find out the most relevant DRs and their contribution to CNs, i.e. to create
the relationship matrix. Wasserman (1993), among other authors, defines the relationship between CNi and DRj as a
constant value indicating the strength of the relationship. In this approach the relationships are not constant anymore, as
they depend on the DRs.

CNi ¼ f DR1; . . .;DRj; . . .;DRm

� �
(1)

Doing so, CNs are now functions of the most relevant DRs. Designers also need to establish functions to represent cor-
relations between DRs.

DRj ¼ gðDR1; . . .;DRj�1;DRjþ1; . . .;DRmÞ (2)

3.5 Step 5: customer satisfaction functions modelling

In this step, the customer satisfaction of each CN is to be established. Since CNs are quantifiable (Step 1), these can be
related to customer satisfaction using gathered data from surveys, Kano questionnaires and other sources. By doing so,
the cross-functional group not only sets a fixed value of customer satisfaction for a given CN, but also produces the
variation in satisfaction when the measurable variable CN changes. Using the results shown in Equation (1), customer
satisfaction is now a function of DRs.

CNi ¼ f ðsiÞ (3)

Figure 2 illustrates an example of how Source A and Source B can be used to connect the DRs to customer satisfac-
tion. The figure shows that if customer satisfaction is to be increased, then the targets need to be changed. However,
one may also consider that given the same initial target value, if the ‘Source B’ curve is changed, i.e. changing product
performance, CNi is also changed and thereby, customer satisfaction also changes (not shown in the figure).

Considering that the customer satisfaction for each CN has a value between 0 and 1, no normalisation is needed.
However, the weighting between CNs is required in order to calculate the overall customer satisfaction.

OCS ¼
Xn
i¼1

wi � si (4)

Figure 2. Combining A and B information sources.
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3.6 Step 6: risk due to lack of information retrieval

When defining optimal targets, risk plays an important role. There are different perspectives when talking about risk,
which were defined by Davis (2003), defined as Market, Technical and User Risk. Thus, if the flow of customer knowl-
edge into the product development process decreases, customer satisfaction and relative weights are uncertain, suggest-
ing an increase in risk. Several authors have proposed the AHP method for risk analysis. For instance, conceptualisation
of AHP in the Intelligent Risk Mapping and Assessment Systems (IRMAS), for risk analysis (Ahmed et al. 2005), con-
struction risk management (Dey 2002) and quantification of risk impacts during development of new products (Park,
Kim, and Choi 2011).

In this approach, the risk evaluation consists of a decision support system using the AHP (Saaty 1980). The focus
of the hierarchy is to choose the most relevant customer information source in order to launch a successful product in a
new market. The criteria to calculate the AHP are:

• New market demands: market trends, technology readiness, government incentives, innovation (internally and
externally);

• Competitors’ position: information regarding companies delivering comparable products to the new market;
• CNs and delights: gather customer information to build the customer picture. This information will be later used
to set up and rank customer requirements.

Taking the above information into consideration, the risk is calculated as shown in Equation (5), where ows is
obtained from the AHP execution for the different p decision options and where OPs ¼ 0 if the decision option is not
available.

R ¼ 1�
Xp
s¼1

ows � OPs (5)

3.7 Step 7: cost

Different target levels of the product are reflected in different design, development and production costs. However, these
costs are the ones that will be later reflected in the final product price. For this reason, cost can also be represented as a
customer satisfaction function, thus allowing the company to remain customer-focused when setting product targets. By
relating customer satisfaction with final product price, the company’s investment in resources for the product is consid-
ered as well.

In order to obtain such information from the customer, company and market strategies as well as information from
different sources such as market trends, dealers and customers’ opinions need to be used to build customer satisfaction
function(s) regarding final product cost.

scost ¼
Xm
j¼1

h DRj

� �
(6)

3.8 Model formulation

In order to find out the target values that maximise overall customer satisfaction, the above-presented functions are used.
In the proposed model formulation, the overall priority ows is normalised; therefore, the sum is equal to one (Equation
(10)). K1 and K2 should be defined by the company with a number not higher than one (Equation (11)).

MAXðOCSÞ (7)

Given that:

R�K1 (8)

scost �K2 (9)
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Xp
s¼1

ows ¼ 1 (10)

0�K1;K2;OPs � 1 (11)

4. Case study

In this section, an illustrative example of the proposed approach is employed regarding PHEV; vehicles that can be dri-
ven as a diesel car, as an electric vehicle or as a combination of both. In the example it is assumed that the PHEV is to
be launched on a new market where the climate is colder than in the current market.

Firstly, in order to demonstrate the application of the methodology, CNs are limited to a few of the most important
ones. Secondly, the proposed methodology is applied in this case study under three Scenarios (0, 1 and 2) where the
information available in the design process is increased from a limited amount in Scenario 0 to a more extensive range
of information in Scenario 2. This is done in order to demonstrate that by using data logging and transforming the cus-
tomer’s way of using the product into customer satisfaction, designers can be more customer-focused and thus reduce
assumptions in the design process in future product generations.

In Scenario 0, customer information regarding the PHEV and comparable products is obtained from the traditional
sources such as interviews and workshops (only Source A). Scenario 1 contains the information from Scenario 0 but
also has data logging from comparable products (11 cars driven in Gothenburg, Sweden). Lastly, Scenario 2 contains
the information from Scenario 1 and also data logging from 10 PHEVs driven in Stockholm, Sweden. It is assumed that
the analysed cars have no more than one driver and only trips longer than 3 min are considered in the analysis.

The cars analysed in Scenario 1 are not electric vehicles, nor are they hybrids; however, their performance and fea-
tures are comparable with the PHEV. All the cars are equipped with a data recorder for downloading measurement tasks
to the car and uploading data from the car. The data recorder logs data continuously during the journey. The measure-
ment task, i.e. which signals are to be read on the CAN and LIN buses, respectively, is fed to the recorder and the mea-
surement values are then sent to the MCD hub, where the information is stored. Uploading of data from the car to a
portal took place when the car had been switched off. Sampling times differed for various signals. All data from all
vehicles were stored via the portal. In the subsequent analysis, the different signals were transformed by means of linear
interpolation to a common time matrix.

4.1 Step 1: gathering the CNs

The cross-functional team has provided the most relevant CNs and their prioritisation, which are Long Electric Range
(0.33), Short charging time (0.22), Charging Opportunities (0.16) and Climate comfort in the cabin (0.29). However, the
proposed methodology requires a clear formulation of the CNs, since these are the link between customer satisfaction
and a set of DRs. For this reason, they have been defined in a more quantifiable way by the cross-functional team as:

• CN1 (Scenario 0): distance on a single charge
• CN1 (Scenarios 1 and 2): proportion of total driving distance driven with electricity
• CN2 (all Scenarios): time needed to fully charge the battery
• CN3 (all Scenarios): proportion of trips the customer is able to drive solely with electricity
• CN4 (all Scenarios): time to reach desired (set) temperature in the cabin

Concerning CN1, customers perceive an improvement in product’s quality when the driver experiences an increase
in electric driving. When data logging is available this can be calculated in more detail. CN2 indicates that customers
perceive an improvement in product’s quality when the charging time for the battery has decreased, while customers
perceive an improvement in product’s quality regarding CN3 when their need for charging decreases. Lastly, CN4 may
be interpreted in several ways and can actually be divided into several CNs, such as the time to reach the desired tem-
perature in the compartment, temperature stability, humidity in the compartment and the exhaust gas from the outside
air. For this illustrative example, the authors have only considered the time to reach desired (set) temperature in the
cabin.
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4.2 Step 2: anchoring customer understanding

In order for the company to remain customer-focused, the drivers first had to respond to a questionnaire that was later
discussed with them in order to clarify some answers. Subsequently, a meeting was held with the company members to
show differences between company and customer thinking. Notably, all the features of the PHEV had not been per-
ceived by the drivers as the company intended. For example, concerning some of the driving modes, there were misun-
derstandings of screen messages and use of the charging cable.

4.3 Step 3: combining A and B sources

Company tests take place under standardised testing cycles, while logged data of customer cars reveal customer driving
style and real environmental conditions. The driving-style information includes, among other factors, engine braking,
smooth operation and precondition of car before start.

When PHEV data are available, the electric driving distance can be estimated and compared with the company’s tar-
get of 50 km of electric range. From the design process, it is known that the battery is discharged from a level of 90%
State Of Charge down to 20%, which means that only 70% of the total capacity is used. The company target of 50 km
of electric range corresponds to a drop in battery capacity of –1.4%/km, while measurements indicate a mean drop of –
2.1%/km.

Faced with such evidence, the company needs to update the information gathering process with new customer sur-
vey questions and measurement tasks to better understand customer limitations (such as charging opportunities) and the
customer’s way of using the product (such as preconditioning). Other measurements such as driving style, number of
drivers and use of energy consumers could be analysed to obtain more information. This analysis would give feedback
to the company regarding customer perspectives and perceptions, thus contributing to the anchoring process.

4.4 Step 4: relationship and correlation matrix

After deep discussions among the process experts, four DRs are defined to represent the CNs. Note that DR3, DR4 and
DR5 have fixed values in the case study.

• DR1: Battery Capacity [kWh]. For a matter of simplicity, DR1 will be translated into electric range (km) when cal-
culating customer satisfaction. The battery capacities used in this example are shown in Table 1. Note that these
correspond to the maximum range of competitors’ vehicles.

• DR2: maximum intensity used to charge the battery [A]. In this illustrative example, four intensities with their
related power values are used (Table 2).

• DR3: ambient temperature [°C]. For simplicity, constant ambient temperature of –25 °C is assumed.
• DR4: the cabin temperature set by the driver [°C]. For simplicity, set to +21 °C.
• DR5: number of degrees the car is preconditioned [°C]. For simplicity, set to +8 °C.

The considered relationships and correlations are indicated in Table 3 as well as the corresponding mathematical
expression for satisfaction function and relationship function for each CN.

4.4.1 Correlation function

As shown in Table 3, there is a significant correlation between battery capacity (DR1) and time to reach the right cabin
temperature (DR4). If more energy from the battery is used by the climate system, there is a greater decrease in avail-
able battery capacity for driving.

Since data from the PHEV are not available in Scenarios 0 and 1, the electric range values shown in Table 1 are
considered to be calculated with the already above-mentioned correlation by competitors. When data from PHEV are

Table 1. Battery capacities and their related electric range.

Battery Capacity [kWh] Electric range [km]

Competitor 1 4.4 18
Competitor 2 11.2 50
Competitor 3 16 80
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available (Scenario 2), the correlation function for a given battery type (from Table 1) gives the remaining electric range
for driving (km), according to the mean drop of battery capacity (DB) due to driving and conditioning the cabin.

DR1 ¼ electric range� 50� �70

DB

� �� �
; whereDB ¼ f ðCN4Þ (12)

As shown in Equation (13), DB depends on the time to reach the right cabin temperature, i.e. CN4, and it consists of a
variable and a constant parameter. These are calculated using the PHEV signals and assuming that the driving and con-
ditioning of the passenger compartment are the only consumers of electricity.

DB
%

km

� �
¼ �1:39

%

km

� �
� 6:1½min�

CN4
� 0:714

%

km

� �
(13)

• The variable parameter represents the mean drop in battery capacity per kilometre during the conditioning of the
cabin, i.e. the time during which the comfort temperature set by the driver is reached, and that corresponds to
DR4. It is considered that the loss in electric range is proportional to the decrease in cabin temperature given by
CN4 compared to the mean time it takes to condition the cabin (6 min approximately).

• The constant parameter represents the drop in battery capacity per kilometre as the comfort temperature is being
reached.

4.4.2 Relationship functions

The right columns of Tables 4a–4d explain how each relationship function, already indicated mathematically in Table 3,
is obtained for each Scenario. Note that the function to calculate CN2 is the same for all Scenarios because it does not
depend on data logging.

In Scenario 0, since data logging is not available, CN4 corresponds to the designer target of approximately 6 min.
For Scenarios 1 and 2, the curves obtained for CN4 (Table 4d) show that the time to reach comfort temperature is sig-
nificantly longer for PHEV (Scenario 2) in relation to products that are comparable (Scenario 1). Note that the x-axis of

Table 2. Current/Power values used in the case study.

Current [A] PI ½kW�

6 1.3
10 2
16 3.3
32 7

Table 3. Planning HoQ.

(Battery capacity) DR1 – x
(Current) DR2 – –
(Ambient temperature) DR3 – – –
(Cabin temperature) DR4 – – – –
(Degrees car is preconditioned) DR5 – – –– – –

Satisfaction functions CNi Relationship functions wi DR1 DR2 DR3 DR4 DR5

f s1ð Þ ¼ Long electric range ¼ f DR1ð Þ 0.33 ×
f s2ð Þ ¼ Short charging time ¼ f DR1;DR2ð Þ 0.22 × ×
f s3ð Þ ¼ Charging opportunities ¼ f ðDR1;DR2Þ 0.16 × ×
f s4ð Þ ¼ Climate comfort ¼ f ðDR3;DR4;DR5Þ 0.29 × × ×
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the figure corresponds to the initial cabin temperature before the trip starts, which is calculated by combining DR3, DR4

and DR5. As previously stated, these DRs are constant in the case study, and thus initial mean cabin temperature before
the trip starts corresponds to –12 °C. Lastly, some assumptions are made when calculating CN2 and CN3; these are
explained in the right column of Table 4a.

4.5 Step 5: customer satisfaction functions modelling

The left columns of Tables 4a–4d show the satisfaction functions. Customer satisfaction function s1 changes depending
on what information is available, since CN1 is defined differently among Scenarios. Under Scenario 0, customer satis-
faction has an s-shape, meaning that customer satisfaction increases gradually, this increase being higher when the dis-
tance to a single charge increases. When more information becomes available to the company, s1 can be updated and
represented as linearly proportional to CN1, i.e. customer satisfaction increases proportionally to the proportion of dis-
tance driven with electricity.

Customer satisfaction function s2 also changes depending on the Scenario used to find out the optimal targets. In
Scenario 0 the curve is assumed to have a z-shape, since customers are more satisfied when the time is shorter. How-
ever, when data are available this curve can be defined using the cumulative stop time distribution, i.e. % of stops when
able to fully charge the battery. This distribution, together with the information obtained from Source A that customers
are 30% satisfied with 8-h charging, results in the updated s2 in Scenarios 1 and 2. Customer satisfaction function s3 is
assumed to be inversely proportional to CN3, meaning that customers are less satisfied when the need for charging
opportunity increases. Customer satisfaction function s4 is obtained from already available data from Source A in the
new market. Note that the connection between DRs and customer satisfaction is graphically illustrated in Tables 4b and

Table 4a. Satisfaction (left) and relationship (right) functions for CN1.
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4d for CN2 and CN4 given a specific target value(s). The results show different levels of customer satisfaction for the
same targets when using different Scenarios, i.e. more or less customer information.

4.6. Step 6: risk

To calculate the risk Table 5 is used, where the importance of the different criteria (ows) is obtained from the AHP
execution and the OPs for each Scenario is set. The risk values vary among Scenarios and they correspond to 44%
(Scenario 0), 40% (Scenario 1) and 28% (Scenario 2).

Note that to find out how many decision options (p) would be possible for this company, the information obtained
from Source A and Source B is split up into two subcategories: information from the (new) product and from products
that are comparable to the PHEV. Note that new product is written within brackets because the product already exists in
other markets. Then, the information from each product subcategory has been divided into recent and old information,
and this is finally divided in information from the market where the (new) product is intended to be launched (L) and
information from the other markets (O).

Table 4b. Satisfaction (left) and relationship (right) functions for CN2.

Table 4c. Satisfaction (left) and relationship (right) functions for CN3.
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4.7 Step 7: cost

To estimate the relation between cost and customer satisfaction, the price is expressed as a function of battery capacity,
considered as the main contributor to the final product price. To translate cost into satisfaction, information from Source
A such as customers’ and dealers’ opinions on different product prices are used (see Figure 3). In Equation (14), the
value of 550 represents $ per kWh (Technology Review 2015). PHEVprice stands for the actual price of the PHEV.

scost ¼ 550 � ðDR1 � 11:2Þ þ PHEVprice (14)

4.8 Design solutions

Table 6 contains the results in Scenarios 0, 1 and 2 for each design solution and shows the drop in OCS when more
customer information is added to the model (i.e. risk decreases).

Already when data from comparable products is used to set targets (Scenario 1), the OCS is closer to the one
obtained in Scenario 2 compared to the OCS obtained in Scenario 0. For instance, given the values of OCS for

Table 4d. Satisfaction (left) and relationship (right) functions for CN4.

Table 5. Available customer information per Scenario and their weighting factors.

Source A Source B

(new) product Comparable product/s
(new) product

Comparable product/s

Recent Recent Old
Recent

Recent Old

L O L O L O O L O L O

OP0s 1 1 0 1 0 1 0 0 0 0 0
OP1s 1 1 0 1 0 1 0 0 1 0 1
OP2s 1 1 0 1 0 1 1 0 1 0 1
Customer needs 0.301 0.218 0.147 0.038 0.037 0.017 0.130 0.055 0.017 0.024 0.015
Market demands 0.421 0.037 0.183 0.037 0.100 0.037 0.037 0.037 0.037 0.037 0.037
Comp. position 0.433 0.036 0.150 0.036 0.131 0.036 0.036 0.036 0.036 0.036 0.036
ows 0.334 0.169 0.154 0.038 0.056 0.023 0.105 0.050 0.023 0.027 0.021
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Scenarios 0 and 1 for the design solutions 5, 6 and 7; customer satisfaction is around 0.6, while when data from sensors
are included in the satisfaction function modelling, customer satisfaction drops 30%, while at the same time the risk of
predicting the wrong customer satisfaction is reduced by 13%. Already in Scenario 1, where data from PHEV are not
available, results suggest that the DRs are not sufficient for reaching high customer satisfaction for the new PHEV and,
therefore, new targets need to be set.

Without considering any company risk and customer cost constraint, the design solution that maximises OCS is the
12th for Scenario 0 and the 4th for Scenarios 1 and 2. Note that scost is the same in all the Scenarios. This is due to fact
that the function used to calculate final price depends only on the battery capacity.

5. Conclusions

An increasing number of products are equipped with sensors that generate data that can be usable in future product gen-
erations. The proposed methodology helps companies to set customer-focused targets using different types of informa-
tion sources to determine customer satisfaction. To do so, the planning HoQ is modified. The idea behind is to define
CNs as an interface to connect customer satisfaction with DRs. Therefore, a deep understanding of CNs and discussions
among experts from different departments are essential. Different sources of information, such as customer surveys,
workshops, product performance as well as the way the product is used, are used when linking customer satisfaction
and DRs to the CNs.

Figure 3. Customer satisfaction regarding final product price.

Table 6. Results from all Scenarios and design solutions.

Design solution DR1 DR2 OCS0 s0cost R0 OCS2 s1cost R1 OCS2 s2cost R2

1 4.4 6 0.419 0.6 0.445 0.337 0.6 0.392 0.334 0.6 0.287
2 4.4 10 0.442 0.348 0.341
3 4.4 16 0.443 0.364 0.355
4 4.4 32 0.443 0.391 0.377
5 11.2 6 0.463 0.4 0.341 0.4 0.315 0.4
6 11.2 10 0.573 0.353 0.338
7 11.2 16 0.699 0.365 0.345
8 11.2 32 0.723 0.386 0.360
9 16 6 0.624 0.3 0.328 0.3 0.304 0.3
10 16 10 0.624 0.354 0.331
11 16 16 0.785 0.365 0.346
12 16 32 0.883 0.384 0.359
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The modelling of correlation, relationship and satisfaction functions presented in the approach depend on the type of
data the company has and the area to be analysed. Therefore, the generalisation of these functions is possible and is of
interest for further study. The methodology has a high potential to be applied in complex real world contexts where
large amounts of data from customer (Source A) as well as from sensors (Source B) is now available for the companies
(Big data, Internet of Things). In fact, the potential is also shown in the QFD, where big data analytics is included as a
source of voice of customer. One may keep in mind that if customer product data are not available, i.e. during new pro-
duct development, the proposed approach loses its strength. Knowledge of product performance in the customer envi-
ronment and use of product features (Source B) is essential when building platforms and could be of interest for further
investigation.

Lastly, the proposed methodology takes into consideration risk, which is an indicator of the real company knowledge
of the market, competitors and customer requirements. The risk value is calculated with the AHP and the higher the risk
is, the higher the probability that the satisfaction values obtained in the approach are not the correct ones. This makes
the proposed approach strong in terms of keeping the product line current and competitive because it provides valuable
information to the company, not just to reduce assumptions during the design process but also when strategic decisions
on price and product launch are to be made.
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ABSTRACT1 
Customer satisfaction is used by many companies as a key 
performance indicator and it is strategically important to be able 
to define design requirements that contribute to customer 
satisfaction when setting targets. For highly complex products 
such as vehicles, target setting is an evolving process based on 
continually changing internal and external requirements. Quality 
Function Deployment (QFD) is a method that provides a 
structured approach for incorporating customer needs into the 
product development process. However, in addition to product 
targets, product usage proficiency also contributes to customer 
satisfaction. Customers often do not read manuals; they learn by 
trying things out and sometimes the use of the product ends up 
outside the expected acceptable range of the designers, 
delivering to the customer low product performance. The 
intention of this article is therefore to gain a deeper 
understanding of the customer by analyzing customer-product 
interaction of customer products and integrating it into QFD to 
identify the most interesting design requirements to improve 
customer satisfaction when developing products that are 
comparable to the ones lunched in the market. The proposed 
method facilitates designer awareness of target population before 
re-designing an existing product and it helps designers to set a 
starting point to improve usage proficency for each customer by 
providing individualized feedback.  
 
Keywords: Customer satisfaction, target setting, usage 
proficiency, Quality Function deployment, QFD, customer-
product interaction, design process 
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NOMENCLATURE 
CN Customer Need C  Correlation between the kth and the jth DR CSc Customer Satisfaction for the cth customer d   Prioritization of the ith CN 

DR Design Requirement (Engineering Requirement) 
G Constant to obtain a suitable scale to represent target 

fulfillment k   Quality loss coefficient for the jth DR L xc   Target function for the jth DR and cth customer m  Maximum number of DRs n  Maximum number of CNs p xc   Performance function of the jth DR for the cth 
customer R   Relationship between the ith CN and the jth DR R r   Normalized relationship between the ith CN and the 
jth DR T   Target value for the jth DR TF xc    Target fulfilment function of the jth DR for the cth 
customer TFc  Mean Target Fulfilment of the jth DR for the cth 
customer  w   Contribution to customer satisfaction for the jth DR  x   Performance value of the jth DR, obtained from data 
logging ∆+/∆−  Maximum and minimum variation of the jth DR to 
remain inside the acceptable range 
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INTRODUCTION 
The identification of strategically important product quality 

improvements is essential for meeting competition in a 
challenging market (1). Customer satisfaction is often used as a 
key performance indicator. Thus, it is strategically important to 
be able to identify which characteristics/product attributes result 
in satisfied customers in order to be able to determine which 
design requirements (DRs) contribute to these characteristics. In 
addition, the fact that product lifecycles tend to be increasingly 
shorter, poses a challenge since products are launched onto the 
market much more quickly and the product development time is 
decreased. Various methods that support this movement are 
available. Quality Function Deployment (QFD) is a well-known 
method that provides a structured approach for incorporating 
customer needs into the product development process in a 
detailed way (2-5). The method is deployed in groups composed 
of members with different backgrounds and experiences (6, 7). 
The method consists of 4 sets of matrices. These are developed 
in different stages of the product development process, from 
product planning to the production and operation stages. Several 
authors consider the first matrix, called House of Quality (HoQ), 
the central element of the QFD method.  

However, in addition to product targets, product usage 
proficiency also contributes to customer satisfaction. In 2005 (8) 
proposed a generic communication-based model of design and 
stated: “Consumers approach artefacts with their own 
motivations, experiences and expectations, and therefore 

artefacts will be interpreted in different ways by different people 

in different contexts. (p.18)” 

Many research studies have been focused on developing 
approaches regarding product usage proficiency, which is a goal 
for many companies, since it makes customers increase feelings 
of self-efficiency (9), and generates a variety of positive 
outcomes (10, 11) and positive word of mouth (12). The 
customer-perceived ease of use of a product generates greater 
post-purchase satisfaction (13) and repeat purchase intentions 
(14). In 2010 (15) developed a theoretical framework to describe 
how the learning schedules (massed/spaced) interact with 
different learning styles (verbal/experimental) to influence 
product usage proficiency. In the same year (16) highlighted the 
need of efficient and effective technical documentation, since 
products contain more and more functions and thus, customer 
learning activities need to increase. In front of this demand (17), 
taking as a basis that the product is the major communication 
channel, proposed to embed the technical documentation of the 
product into the actual product in order to ensure the correct 
usage of it. To do so, the author suggested that feedback channels 
should be implemented through which interactive systems can 
be developed. However, consumers behave as children in the 
sense that they learn by trying things out; they like the product 
to be accessible and usable but also wish to be able to tailor it to 
their needs, tasks and habits (18). This fact points to the need for 
methodologies to improve the customer experience once the 
product is adopted.  

Every day more products are equipped with software and 
sensors. These are, in fact, sources of information that can 

become very important if they are used more proactively by 
installing well-designed measurement tasks in the product. 
Considering that information from data logging of customer 
products is available and accessible for the company, this paper 
proposes a methodology that helps the designers to identify the 
use of product features and their acceptance once the product is 
already in the market, so that solutions can be identified to 
improve customer experience of the product but also when 
developing products that are comparable to the ones lunched in 
the market. The intention with the proposed methodology is: 

(1) to encourage the use of data logging information to gain 
understanding regarding customer-product interaction, 
and then to integrate it into the House of Quality 

(2) to visualize where interesting customer-product 
interactions are, and  

(3) to create valuable input to the design process, providing 
information that can be used to design customized 
feedback to the customer and to identify those features 
that should be improved by, for example, individualizing 
them. 

The paper is organized as follows. First, the methodology is 
presented. Then, an example regarding the climate-control 
system of a car order is used to illustrate the methodology. 
Finally, Discussion and Conclusions are presented.  

METHODOLOGHY 
The proposed methodology is divided into 4 main steps. 

Step 1 is the gathering of customer needs while Step 2 and Step 
3 show how to take into consideration information from 
customer-product interaction of previously launched products 
when setting targets. Once the product is launched and used by 
the customers, Step 4 analyzes customer-product interaction. 
The information generated from this last step updates Step 1 so 
that all customer information is available the next time a product, 
which can be comparable to previous launched products, is to be 
developed. Note that each time a new product is launched in the 
market new customer information is available in next iteration 
(Step 1 to Step 4). The methodology steps are described below 
in more detail. 
 
Step 1. Gathering Customer Needs (CNs) 

Customer needs can be obtained by analyzing the market, 
the customers, and the competitors. Some methodologies for 

gathering CNs and their prioritization (d  are the dialogue with 
dealers and sales staff, customer surveys, customer interviews, 
focus group discussions, market research, community forums, 
observations, trained observed ratings and benchmarking data. A 
well-known approach is the one proposed by Kano (19), which 
is used to determine the influence the components of products 
and services have on customer satisfaction and dividing them 
into different categories such as must-be, one-dimensional and 
attractive. Strategic customer surveys (Kano questionnaire) are 
used for functional decomposition of customer perception into 
attributes.  

Information from launched products in the market and the 
way customers use them also play an important role when 



 3 Copyright © 2016 by ASME 

developing similar/improved versions of them. Therefore, 
information from competitors, previous launched products and 
gathered CNs are used in the design process to set targets (Step 
2 and Step 3).  

 
Step 2. Defining the elements in the HoQ 

CNs and their priorities, from the previous step, are included 
to the HoQ. CNs have to be defined at a very detailed level so 
that they can be translated into design requirements (DRs). For 
each of the DRs, three parameters are defined:  

 Initial target value (T ) for the product to be launched, 

based on target values from previous launched 
products.  

 Maximum positive and negative variation, (∆+/∆−), 

from T  that was decided in the design process as 

acceptable range.  

To define the strength of the relationship R  between CNs 

and DRs, different authors have proposed different approaches. 
(20), for example, proposed the 9-3-1-0 scale. The argument is 
that this scale is preferred because it gives a better resolution of 
significant DRs that meet customer expectations. According to 
(21), as customers tend to rate basic requirements with high 
importance, the traditional QFD method tends to give higher 
priority to these requirements to the detriment of innovative 
ones. Since DRs can impact both positively and negatively, 
according to (22), a scale from -2 to +2 takes these impacts into 
consideration.  

For the correlation C  among design requirements a scale 

indicating the strength of the relationship is often used as well. 
The process of verifying possible significant correlations is 
carried out by a cross-functional group.  

When the mapping of DRs and correlations are completed 
new measurement tasks need to be defined by the experts of the 
company, so that relevant data from the customer product is 
logged to determine the performance of the respective DRs and 
to establish whether the design prerequisites are valid (Step 3).  

 
Step 3. DRs’ prioritization for individuals 
DRs of most interest to be evaluated are those that are 

included in the QFD relationship matrix, since they contribute to 
the fulfillment of the different CNs. The HoQ calculates the 

importance of the DRs (w ) by normalizing Rij (Eq.(2)) in order 

that ∑ w= = . 

 w = ∑ d ∗ R r=   (1) 

where, according to (23): 

 R r = ∑ R ∗Cm=1∑ ∑ R ∗Cm=1m=1   (2) 

A collection of previous studies have presented approaches 
of target setting by maximizing customer satisfaction. Most of 
them are using the same equation formulation presented by 
Wasserman (23). In fact, the decision variables in Wasserman’s 
model are assumed to be scaled on a percentage basis of 
fulfillment of the objective targets set for each DR. However, the 
customer’s use of a specific feature, i.e. customer-product 

interaction, may differ when the product is used in the customer 
environment; making customer satisfaction vary from the 
expected in the design process. The focus of this approach is on 
detecting DRs that are important for the customers but that the 
satisfaction derived from them has large variations among them. 
Thus, indicating possible differences in customer-product 
interaction. 

To calculate individual customer satisfaction the proposed 

methodology uses Eq.(4), where TFc stands for the target 

fulfillment of a specific feature and customer. TFc  is obtained 

from data logged from launched products used by customers in 
their own environment. 

 CSc = ∑ d ∗= ∑ R r ∗ TFc=   (3) 

Since each customer will have different TFc levels, different 

values in the HoQ will be generated. This adds a further 
dimension to the planning HoQ since customer’s way of using 
the product is considered. A modified version of the HoQ is 
shown in Fig. 1. 

 
Fig. 1: MODIFIED HoQ 

 

Concretely,  TFc corresponds to the mean value of the target 

fulfillment function: 

 TF xc  = ∫ L(xc)p xc∞−∞   (4) 

As shown in Eq.(4) the target fulfillment function depends 

on  xc which represents the product measurements of a specific 

customer and DR. TF xc   results from the combination of p xc , the probability density function to fulfill the specific 

target, and L(xc), which corresponds to a quadratic target 

function: 

 L(xc) =
{  
   
 if xc <  � ∗ T + ∆−TG − k T − xc  if G ∗ T + ∆−T ≤ xc ≤ G ∗ T + ∆+Tif xc > � ∗ T + ∆+T

 (5) 

where G is a constant that is chosen so that when the 

measured performance agrees with the target value, i.e., xc = T , 

the target function returns maximum target fulfillment, i.e., G. 
The value k from Eq.(5) is defined as follows:  
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 k = G∆  (6) 

An example of p(xc) and the resulting TF(xc)functions is 

illustrated in Fig. 2. Note,  TF xc  will only take non-zero values 

within the maximum positive and negative variation of the target 

value T . 

 
Fig. 2: P(X) AND TARGET FULFILLMENT FUNCTION 

 
Product designers need to find out which are the most 

important DRs to improve in terms of customer satisfaction. 
According to Eq. (3) those DRs with low target fulfillment 
values should arouse interest since they affect CS. However, it is 
important to pay attention on the variation in CS among all 
customers rather than on the variation in TF. The reason is that 
not all the DRs contribute in the same proportion (w  to the total 

customer satisfaction. Thus, DRs with higher w  values and low TFc and/or high TFc variation among customers are of highest 

interest to improve. However, different criteria such as: the 

resources to improve TFc, the technological difficulty of the 

proposed new solution and the expected gain in satisfaction for 
the overall customer group when the solution is accepted and 
adopted by the customers, need to be taken into account when 
setting new targets. An optimization process should take all these 
issues into consideration when setting new target values for the 
product to be launched. 
 
Step 4. Analyzing customer-product interaction 

Once the product developed in (Step 1 to Step 3) is 
launched, data from it should be analyzed in order to identify 
unexpected customer-product interactions, if exist. Customer 
information generated in this step will later update Step 1.  

For a given DR, two types of customer-product interaction 
can be identified. They are: 

 Type 1: Customer-product interaction is outside the 
acceptable range. 

 Type 2: Customer-product interaction is inside the 
acceptable range and expected as normal deviations in 
the customer environment, i.e., close to the target 
function. 

This classification helps designers to cluster customers in 
different types of customer–product interaction types in which 
different ways of using the product can be characterized.  

DRs with high variation in the usage of a feature and 
belonging to customer-product interaction of type 1 should be 
considered in the next product generation as candidate features 
to individualize. However, one might take into account that 
customer-product interaction belonging to type 1 could have 
different causes.  

In general, the causes of interacting differently from what 
designers expected can be generally divided into two groups: (1) 
the human-machine interaction intended to deliver high product 
performance is not intuitive or incorrectly understood by the 
customer or (2) the product’s feature is not delivering what the 
customer needs/desires and is thus not used up to product’s 
ability, i.e., far from the set target. Thus individualization should 
not be considered as a feasible option until the design team is 
certain in the sense that customers like to tailor the feature for 
their needs and habits. This suggests that new questionnaires and 
interviews should be designed in order to capture customer 
opinions, feelings and interpretations of a specific product 
feature. Also, the analysis of other signals logged in the product 
can give hints as to the way of behaving. 

For this reason, the information obtained from the customer-
product classification, should be combined with the reasons of 
such behavior in order to create valuable information, which will 
be later transferred into the design process. This information in 
fact could be considered as the starting point for the cross-
functional team to design customized feedback to the individual 
in order to improve customer proficiency. Note, however, that 
the formatting of such messages needs to be carefully analyzed 
and should be discussed among the experts of different company 
departments. By providing this feedback, and assuming the 
customer accepts it and takes it into consideration, customer 
satisfaction will increase. 
The process of obtaining information is or should be an iterative 
process between the customers and the experts of the company. 
Communication channels need to be defined so that from one 
side, customers can express their opinions regarding a feature or 
way of interacting with the specific feature and from the other 
side, experts are able to translate these opinions into the design 
process. 
 
CASE STUDY 
This section aims to illustrate the proposed methodologhy by 
presenting an example regarding the climate comfort system of 
a car. However, since previous analyzed data from launched 
products is not available, for the case study, Step 1 starts without 
knowledge of previous customer behavior. The methodology, 
however, is cyclic and data from launched products in Step 4 will 
be used in next update of the product. The case study is 
performed in the context of industry practice. 

The attributes of climate control systems in vehicles become 
more and more important, not only from the point of view of 
comfort, but also because there is a strong relationship between 
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comfort and traffic safety (24). The increased demands have 
meant that climate-control systems have become more complex.  

To maintain satisfactory comfort under shifting conditions, 
today’s vehicles are equipped with systems that control the 
climate in the vehicle compartment more or less automatically. 
Despite the fact that they are equipped with automatic functions, 
these systems still have many manual functions which make 
climate system regulation more complicated, depending on how 
the customer uses the manual functions.  

 
Step1. Gathering Customer Needs 

Identification of CNs was performed in a cross-functional 
group. The aim was mainly to elicit CNs suitable for the 
methodology, i.e., needs that can be verified by logging data 
from customer’s cars. Based on the identified product attributes 
a Kano questionnaire and a self-stated importance questionnaire 
were developed. The questionnaires were distributed to a group 
of 15 drivers and the needs where defined into must-be (M), 
attractive (A) and one dimensional. 

There are different factors that determine the thermal 
comfort in a space; these include health, ambient temperature, 
radiation temperature, rate of air flow, upholstery, and the level 
of activity (25). To have climate comfort inside the cabin, auto 
and manual climate control can be used. These are considered 
necessary by the customers, and the conditioning of the cabin 
must be silent and visibility must be good when driving.  

Table 2 contains the Kano categorization and the 
prioritization for the following CNs: 

 CN : Comfort temperature inside the cabin 

 CN : Automatic control  

 CN : Manual control 

 CN : Low noise 

 CN : Able to remove misting 
 

Step2. Defining the elements in the planning HoQ 
The climate-control system must maintain a comfortable 

temperature in the vehicle throughout the journey, within given 
functional limits. In addition, the temperature control in the 
compartment should enable quick cooling and heating. The 
customer’s driving cycles must be long in relation to the time it 
takes to heat/cool the compartment to an initial comfort 
temperature. Thus: 

 DR : Stable cabin temperature 

 DR : Cooling/heating time 

 DR : Driving Comfort 

 DR : Auto function ON 

 DR : Air conditioning ON 

 DR : Manual fan (operating time) 

 DR : Defroster  

The choice of DRs has partially been limited to available 
signals in the car. All DRs can be estimated by using existing 

signals in the car. Table 1 contains all the T /∆−/∆+values 

defined for each DR of the launched products. 
 

Table 1: UPPER AND LOWER LIMITS FOR EACH DR  

 T  ∆− ∆+ 

DR1 +2.7oC -2oC +2oC 

DR2 900 s - +300 s 

DR3 t50 - +300  s 

DR4 100% -50% - 

DR5 100% -50% - 

DR6 0% - 10% 

DR7 0% - 10% 

 DR ’s target is 2.7oC, which corresponds to the satisfactory 
differential temperature between the sensor and set value, i.e., 
comfort temperature is 2.7oC above the set value. To attain 
desired comfort, it is assumed that the temperature should not 
deviate more than ±2oC from comfort temperature. A more 
realistic model should also include other conditions, such as sun 

load and ambient temperature.  DR  is assumed to be fulfilled at 
most 900 s and the customer must be able to sit in a car in which DR  prevails for at least 50% of the driving time, t50. It is 
expected that the customer mostly drives with the climate control 

set at full AUTO. Thus DR  and DR  are assumed to be activated 
100% of the driving time with a negative deviation of 50%. The 
opposite is use of manual targets that are set to 0% with a positive 

deviation of 10%. The DR ’s target represents the share of time 
for the entire journey that the feature is used while DR  target is 
fulfilled if the function is activated during a journey.  

Table 2 contains the relationships between CNs and DRs. 
Since DRs can affect both positively and negatively to customer 
satisfaction the [-2, 2] scale, proposed by (22) is chosen. The 
correlation between DRs is not included.  
 
Table 2: RELATIONSHIP MATRIX (CASE STUDY) 

 Kano di DR1 DR2 DR3 DR4 DR5 DR6 DR7 

CN1 M 0.23 2 1 1 2 1 1 -1 

CN2 A/M 0.12 2 2 1 2 1 1 -1 

CN3 M 0.16 -1 1 -1 1 1 1 0 

CN4 M 0.19 -1 1 1 -1 -1 -2 -2 

CN5 M 0.30 1 1 1 1 1 1 2 

 
Step 3. DRs’ prioritization for individuals 

Data logging has been available for two models of cars and 
used in different markets; 13 cars in Sweden; 6 cars in the USA 
and 7 cars in the UK. Since the two car models are from the same 
company and with the same corresponding conditioner, it is 
assumed there are no significant changes in their climate 
systems. Cars included in the study were used privately, which 
means that more than one driver per car may have contributed to 
the results.  

The vehicle is equipped with a data recorder for 
downloading measurement tasks to the car and uploading data 
from the car. The data recorder logs data continuously during the 
journey. The measurement task, i.e., which signals are to be read 
on the CAN and LIN buses, respectively, is fed to the recorder 
and the measurement values are then sent to the MCD hub, where 
the information is stored. Uploading of data from the car to a 



 6 Copyright © 2016 by ASME 

portal took place when the car had been switched off. Sampling 
times differed for various signals. All data from all vehicles are 
stored in the portal. All the logged signals are transformed by 
means of linear interpolation to a common time matrix. 

In this example the target will be fully fulfilled when it is 
equal to 10. The mean target fulfillment and standard deviation 
for all cars on each market and DR has been calculated (Table 3). 

 
Table 3: MEAN TARGET FULFILLMENT AND VARIATION FOR 
ALL CARS  

 SWE USA UK 

 TF̅̅̅̅  σ TF̅̅̅̅  σ TF̅̅̅̅  σ 

DR1 4.53 0.56 4.65 0.59 3.31 1.42 

DR2 7.72 0.97 9.63 0.26 9.67 0.30 

DR3 8.39 0.75 3.98 0.77 4.19 1.49 

DR4 9.03 1.17 8.53 1.30 5.56 3.77 

DR5 9.87 0.10 6.97 4.69 5.47 4.05 

DR6 6.31 4.00 8.07 1.35 5.46 3.83 

DR7 10. 00 0.00 9.32 0.55 7.11 3.58 

 
From Table 3 it is possible to see that DR2 and DR7 have 

the highest fulfillment on all the markets; followed by DR4 and 
DR5, the UK market being the one with the lowest values. DR3 
has high fulfillment for Sweden and lower for the USA and the 
UK. Regarding this last issue, it can be noted that the driving 
times deviate markedly from what is expected. Lastly, DR1 and 
DR6 have low target fulfillment, changing among markets. While 
DR1 is handled by the car and the customer cannot change it, not 
more than as noise signal by using the manual controls. DR6 and 
DR7 are the ones in which customer-product interaction is 
actually shown, since the customer is the one who chooses 
manual settings to condition the cabin. 

 In front of the high variation among the target fulfillment 
by the different drivers in the different markets (Table 3), 
individual customer satisfaction has been calculated by using 

Eq.(3). Since a scale [-2,2] is used in this example, R r  is 

calculated by dividing each cell of the relationship matrix by the 
sum of all its absolute values of the specific row. Once wj is 

obtained, in order to fulfill ∑ w= = , wj is divided by the sum 

of all wj. 

 
Fig. 3: CUSTOMER SATISFACTION FOR EACH DRIVER 

Figure 3 shows there exist difference in customer 
satisfaction among markets and their customers. However, they 
can be split up into two groups: customers with high satisfaction 
(around 80%) and of lower satisfaction, which correspond to 10 
drivers; 3 from Sweden, 2 from USA and 5 from UK. 

It is important to know the reasons of these big differences 
in customer satisfaction. Thus, the mean target fulfillment drop 
for each DR and group (high and low satisfaction) is calculated. 
This is done to identify the DRs that contribute the most in 
customer satisfaction drop. The drop in target fulfillment 
corresponds to the lacking difference to completely fulfill the 
target, i.e. 10. The results of mean drop in target fulfillment for 

each DR and group are then plotted against the w  (Fig. 4).  

 

 
Fig. 4: CUSTOMER SATISFACTION VARIATION AMONG 

CUSTOMERS FOR EACH DR  

 
Figure 4 shows that big differences in satisfaction are due to 

the drop in TF for DR4, DR1 and DR6 which suggests that 
customers belonging to the low satisfaction group are using the 
product differently. Deeper analysis on this DRs is needed so the 
designers understand the reason of this change in TF.  

 
Step 4. Analyzing customer-product interaction 

Taking into consideration DR6, the usage of manual controls 
is analyzed for each driver of the three markets. Three profiles 
of customers can be discovered when using manual controls. 
These are shown in Fig. 5, where 9 drivers correspond to the first 
profile, 15 drivers to the second and 2 to the last one.  

Drivers belonging to the first profile indicate that customers 
rarely use manual, since a high proportion of times it is inside 
the acceptable range (Fig. 5-a).Regarding the second user 
profile, customers switch between auto and manual (Fig. 5-b). 
Under this stage, further analysis should be made in order to find 
out if the car is driven by more than one person. Lastly, the third 
customer profile uses the manual function and almost never uses 
the auto function (Fig. 5-c). This classification in fact could be 
considered as a starting point to analyze a group of customers, 
even though conclusions cannot be extracted yet.  
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Fig. 5: MANUAL CONTROL DISTRIBUTIONS FOR CUSTOMER 

PROFILE a, b, c  

Looking to the distribution of changes in manual control, for 
each driver a picture similar to the following one is obtained (Fig. 
6).  

           
Fig. 6: MANUAL CONTROL CHANGES DISTRIBUTION FOR THE 
POPULATION 

 
This suggests that manual controls are activated at the 

beginning of the trip and not frequently changed. The company 
has to analyze other signals and design questionnaires to 
understand the reasons for such behavior. This information will 
help the design team when setting up the specification for 
upcoming products but also to provide customized feedback to 
customers in order to improve their usage proficiency. 

In fact, once this information is obtained, this should be 
included in Step 1 in order to start the proposed methodology 
once more.  

DISCUSSION 
Customers belonging to the first profile give input to the 

design process because the feature is not used by the customer 
even though they assign to manual controls a relatively high 
priority of 20% (see Table 2). Thus, by knowing about the 
customer’s way of using the product, eliminating the disused 
function is less of an issue, and more time and resources can then 
be spent on making other improvements, making the product 
development process more effective. 

From the case study, it is evident that the effectiveness of the 
proposed methodology increases if the car to be developed is 
comparable to cars that have been already launched in the 
market. If drivers could be identified, more personal survey 
questions can be designed. The survey conducted in the case 
study revealed some clear reasons for not using auto mode. 
These are: “When on full blast, the fans are very loud. Automatic 

climate control will put it on full blast at times. So I’ll turn off 
the auto when it does that”, “In the auto mode it’s not very 
transparent; I’m not sure what it is doing.” or “Controls are 
intuitive and easy to adjust.” In fact, these reasons contribute in 
the knowledge of unspoken CNs since they would have not been 
identified without detecting first the differences in the way 
customers are using the product. 

As shown in the case study, the methodology allows 
prioritization of DRs for groups of customers. Hence, increased 
customer satisfaction by sending customized feedback to 
customers in order to improve their way of using the product or 
introduce new features. 

Gathering of data from the customer product allows 
grouping of customer behavior in an analysis. However, the 
methodology is limited by the possibility of gathering data when 
the customer is using the product due to the fact that not all 
design requirements can be measured so easily without the need 
of extra sensors. Another factor to take into account is the 
customer’s incentive to agree to this type of study; data logger 
systems still need to be deployed and legal complications can 
exist. 

 
CONCLUSIONS 

Companies need improved methods for acquisition of 
knowledge regarding CNs, behavior and preferences to be able 
to specify the right product and set the right requirements. The 
tool provides an opportunity to verify whether differences 
between quality specifications used during the product 

a 

c 

b 
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development process were correct or not. To do so, the elements 
in the relationship matrix are influenced by how the customer 
actually uses the product. At the same time a change in customer 
behavior among customers or markets, as noted in the case study, 
can be made more visible in the relationship matrix and thus in 
the product development process.  

Information generated from the proposed methodology can 
be used not only to set targets for upcoming products but also to 
improve actual customer usage of the product.  
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