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PREFACE 

Design for Mode of Application (DMA) is a method of continuously improving 
the process of acquisition of customer information in a way that more objective 
decision-making is achieved when prioritizing product quality improvements. 
The method was developed by Associate Professor Ove Isaksson in close 
collaboration with Volvo Cars in the VINNOVA Excellence Centre, Faste 
Laboratory for Functional Product Innovation (2006-2016) at Luleå University of 

Technology. In 2013, DMA won the Volvo Cars quality award and I had the 
chance to take part in this important work during studies towards my master’s 
thesis (2014) and PhD (2014-2019). This doctoral thesis is a compilation of the 
work I have done at the Division of Product and Production Development at 
Luleå University of Technology and is born from the industrial and research need 
for further DMA development.  

Along the PhD journey, I had the opportunity to meet researchers in different 
areas of the product development process (quality improvement, detail-design, 
maintenance, etc.) but also company members at Volvo Cars from a wide range 
of areas (product attribute and product planning leaders, data scientists, test 

engineers, Six Sigma black belts, etc.). I believe both industry and academic 
perspectives have directly and indirectly impacted the research presented in this 
thesis. Also, the two master’s thesis students, which I supervised in 2017, gave 
insights into the presented research by providing an overview of available 
customer information in websites (e.g., social media, e-commerce, etc.). Lastly, it 
was a source of inspiration to participate during two consecutive years as a group 

coach for SIRIUS, a creative product development course with industry-based 
projects for final year students in the Mechanical Engineering master’s 
programme. I would like to thank the examiner of the course, Professor Magnus 
Karlberg, for giving me such an opportunity.  

I would like to express my gratitude to Professor Jan-Olov Aidanpää, who gave 
me the opportunity to pursue PhD studies. Special thanks go to Associate 
Professor Ove Isaksson. To Ove: thank you for all the discussions and supervision 
over the years; I learnt a lot from you. I would like to extend my gratitude to 
Professor Magnus Karlberg, who accepted the challenge of becoming my 
supervisor the last two years of my PhD. The effort and interest you put into the 

research topic meant a lot to me. Working together with both of you has been a 
rewarding experience.  

I would also like to thank my former as well as present colleagues at the Division 
of Product and Production development. Many extra thanks go to Håkan who 
helped me from the very first day I started my PhD studies. Thanks to my 

officemate Daria, for all the laughs and moments spent together.  
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These years I met very interesting people from around the world from whom I 

learnt many things about research (and life in general). Sweden, Japan, Finland, 
Pakistan, France, India, Iran, USA, Italy, Lithuania, Colombia, Russia … just to 
mention a few. Special thanks go to Francesc and Albert who have the ability to 
always make me smile and to Naty, Nasim, Samira, Luisa, Anaïs, and Mylène 
with who I shared many unforgettable moments. Special thanks go to Ofelia, 
Isabelle and Maria who showed me the beauty of Sweden and their people. Fika 

would not be the same without Flo’s cookies and Dima’s reflections about life. 
Thank you both for all the time spent together and, of course, to Flo for the 
“machine learning” discussions.  

Finally, I wish to thank my amazing family and friends back home, specially my 

parents, brother and grandparents who never stop encouraging me in every step I 
take in my life. The biggest thanks go to Blai, who accepted the challenge to 
move to Sweden and start this new life, together, in the north. Thank you for 
keeping me strong when I need it and for supporting and encouraging me to 
take this path. There are not enough words to express my gratitude.  

 

Anna Martí Bigorra 
Luleå, March 2019 
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ABSTRACT 

To develop products through a customer-centric strategy, early stages of product 

development such as target setting play an important role. In the target setting 
stage Customer Needs (CN) are gathered and translated into Design 
Requirements (DR) in order to subsequently set product targets that fit cost 
constraints and at the same time result in high Customer Satisfaction (CS). 
Continuous advances in information technology create new opportunities for 

companies to gather information about the customer, for example, for marketing 
purposes, or to assess customer reactions after the launch of new products. In 
addition, products are becoming complex systems that are successively equipped 
with more software and sensors offering opportunities for collecting data on how 
they are used. Knowing how customers use the product enhances a company’s 
ability to segment customers and customize products.  

Despite customer information availability from different sources (sensors, social 
media, etc.), surveys and focus groups are considered today as the main data 
source to derive the set of CN statements during target setting. Further, the 
team’s interpretation of CNs, which are often described in abstract language, 

must be translated into DRs, which are described in a more technical language. 
Hence, the translation process of CNs into DRs is said to be subjective. To set 
product targets, CS sensitivity to changes in DR levels is also considered. Surveys 
and benchmarking data containing customer perceptions on competitors’ 
performance are often the main customer data input into the process. While 
insightful information may be obtained, surveys are costly and time consuming 

and only encompass a small part of the market population.  

The research presented in this doctoral thesis explores how customer information 
obtained from sensors (e.g. product usage data) and text data (e.g. from websites, 
open-survey questionnaires) can be factored in the target setting process before 

concept generation to enhance customer focus without compromising product 
development time. The aim is to increase designers’ awareness of target 
population and in turn increase the quality of the design decisions on product 
targets. For this purpose, a customer-focused data-driven target setting 
methodology is proposed. The presented methodology changes the actual target 
setting methodology by means of indicators and autonomous activities on those 

parts of the process where marketing or design decisions are needed. The 
proposed methodology gives the incentive for a more integrated product 
development where marketing and designers need to work closely. This further 
allows a sustainable customer information gathering strategy that strives for 
missing customer information that is required for setting product targets. The 
indicators act as feedback channels for continuous product improvement. The use 
of such indicators and autonomous activities highlights the potential of a more 

efficient, less subjective and higher-quality target setting process. 
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ABBREVIATIONS 

A Possible wA expressions representing the CN independently of wB 
Ai ith extracted aspect from aspect-based SA 
AFi ith Aspect Frequency  
B Possible wB expressions representing the CN independently of wA 
CN Customer Need 
CS Customer Satisfaction 

di Relative importance of the ith CN 
DP Design Parameter 
DR Design Requirement 
DRM Design Research Methodology 
DS Customer dissatisfaction 
DS-I Descriptive Study I 

DS-II Descriptive Study II 
HoQ House of Quality 
M Possible wA and wB combinations representing the CN 

Oi
+ Proportion of positive product reviews mentioning Ai 

Oi
− Proportion of negative product reviews mentioning Ai 

OPi Decision variable =1 if customer inf. from the ith source is available.  
owi Relative importance of the ith customer inf. source  
PBDi Product Brand Dominance for the ith aspect 
PD Product Development 
PS Prescriptive Study 
QFD Quality Function Deployment 

R Risk of setting product targets based on subjective judgments 

rij Relationship between the ith CN and the jth DR 

rij
norm Normalized rij  

RC Research Clarification 
RQ Research Question 

SA Sentiment Analysis 
TF Target Fulfilment 

wj  Relative DR importance measure 

wj
′ Absolute DR importance measure 

wA Solution-related expressions 
wB CN-related expressions 
VoC Voice of the Customer 

xj Relative fulfilment of the jth DR 

α Relevancy metric  

β Accuracy metric 

γjk  Technical correlation between the jth and kth DR 
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1. Introduction 
This chapter introduces the topic of the research presented in this thesis and aims to highlight a set of 

challenges (A1-A6) from which the research gap is presented. Consequently, the thesis purpose, objective 
and scope are derived. 

The increase in industrial competition, poses demands to companies on 
shortening time to market as well as to shift their focus from product-centric to 
customer-centric in order to retain market shares (Chen, Yan, & Chen, 2013; 
Miguéis, Camanho, & e Cunha, 2012). The continuous advances in information 
technology create new opportunities for companies to gather information about 

the customer. The access to information via the Internet has turned customers 
into generators of structured, semi-structured and unstructured data (Erevelles, 
Fukawa, & Swayne, 2016). In addition, products are becoming complex systems 
that are successively equipped with more software and sensors (Dawid et al., 
2016), offering opportunities for collecting data about how products are used in 
the customer environment, the analysis of which can produce valuable insights 

for companies  (Van der Vegte, 2016).  

At the same time, the rapid access to information and the increase in product 
offerings results in highly dynamic customer demands (Borgianni, Cascini, & 
Rotini, 2018; Takeuchi & Nonaka, 1986). That is, product features that are now 

attractive to customers may quickly become a demand in the upcoming future 
(Kano, 2001). In turn, stage-gate Product Development (PD), which is 
characterized by separate and sequential stages, is becoming a rigid and inflexible 
process for dynamic markets that require short development times or changes 
during development (Pessôa & Trabasso, 2017; Takeuchi & Nonaka, 1986; 
Unger & Eppinger, 2011).  

To develop products through a customer-centric strategy, early stages of the PD 
process play an important role. This is because it is in these stages that Customer 
Needs (CN) are gathered and subsequently translated into Design Requirements 
(DR). Further, DR targets should be set so that they fit cost constraints and at 

the same time result in high customer satisfaction or CS (Ulrich & Eppinger, 
2012). 

Gathering customer needs  
Customer needs tend to be imprecise and ambiguous due to their linguistic 

origins. Hence, a critical challenge for manufacturers is how to make effective 
analysis of CNs to provide decision support for optimal product design (He et al., 
2017). A wide range of tools and methods are used today by many companies to 
identify CNs, such as surveys, focus groups, interviews, etc. 

(A1) Existing methods and tools often require human evaluation to review 
the content and derive CNs to remove redundancy and to structure the 
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CNs, which in turn are said to be time-consuming and encompass a small 

part of the market population (Qi, Zhang, Jeon, & Zhou, 2016).  

In addition, advancements in cloud computing, data mining and analytics enable 
the analysis of user generated data, which creates new business opportunities 
(Kabir & Carayannis, 2013; Lycett, 2013) such as: to identify customer 

preferences on different product features (e.g., Shen, Lin, Lin, & Wang, 2017), to 
identify different brand communities (e.g., Habibi, Laroche, & Richard, 2014; 
Kamboj, Sarmah, Gupta, & Dwivedi, 2018; Shirdastian, Laroche, & Richard, 
2017), to assess customer reactions after the launch of new products (e.g., Lipizzi, 
Iandoli, & Marquez, 2015), for marketing purposes (e.g., Alalwan, Rana, 
Dwivedi, & Algharabat, 2017), as well as to understand what product features are 

valued most by users (e.g., Tucker & Kim, 2011; Xu, Wang, Li, & Haghighi, 
2017). However,  

(A2) Current studies have generally overlooked the role in CNs elicitation 
(Lee, 2007; Zhou, Jiao, & Linsey, 2015). Algorithms that are devised 

exclusively to help to understand CNs effectively and efficiently from big 
opinion data have not been in focus in the literature (Jin, Liu, Ji, & Liu, 
2016).  

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, 2016). To continually 
improve design, manufacturing, use and end-of-life handling of products, usage 
data is thus of great interest to obtain improved quality (Främling, Holmström, 
Loukkola, Nyman, & Kaustell, 2013). 

(A3) Data collection of customer products (i.e. sensor data) is mainly used 
for condition-monitoring, while very little investigation has been done 
regarding how usage data of customer products can be factored into future 
product generations or continuous product improvement (Främling et al., 
2013).  

Customer needs into design requirements  
Quality Function Deployment or QFD (Akao, 1990) is a methodology that aims 
to develop products through customer focus. During target setting, the 
methodology uses a basic design tool (matrix), called House of Quality (HoQ), 
which is based on CNs and competitive analysis. Hence, the process of setting 

targets is said to be customer-driven and market-oriented (Griffin & Hauser, 
1993; Hauser & Clausing, 1988; Tan & Shen, 2000). Some authors argue that 
such a process is, in general, accomplished in a subjective ad hoc manner, or in a 
heuristic way (Sener & Karsak, 2010). The reason is that a number from a fixed 
range scale (e.g., 1-3-9) is chosen to represent the extent to which a DR affects 
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the fulfilment of a given CN. These values representing the relationship between 

CNs and DRs are taken as basis to set targets.  

Different studies aim to model relationships between CNs and DRs with the aim 
to reduce the impreciseness of rating scales (e.g., Chen, Tang, Fung, & Ren, 
2004; Chen & Chen, 2006; Dawson & Askin, 1999; Delice & Güngör, 2011; 

Delice & Güngör, 2013; Fung, Chen, & Tang, 2006; Kim, Moskowitz, Dhingra, 
& Evans, 2000; Kwong, Chen, Chan, & Luo, 2010; Luo, Kwong, & Tang, 2010; 
Sener & Karsak, 2010; Zhong, Zhou, & Chen, 2014). Most of these studies 
consider customers’ perceptions on competitors’ technical measures as the main 
customer information input to model relationships.  

Other types of customer data are also beneficial in the HoQ. Big Data analytics 
is, for instance, considered in the QFD ISO norm (see ISO 16355-1:2015 p.9) an 
important means of obtaining the Voice of the Customer (VoC). Some authors 
consider online product reviews as a means of translating CNs into DRs (e.g., 
Jin, Ji, Liu, & Lim, 2015; Wang, Mo, & Tseng, 2018). However, the authors 

highlight that manual labelling needs to be first derived, making the process time-
consuming and labour-intensive. 

 (A4) Traditional approaches of customer information gathering must be 
reengineered in order to seek new metrics or indicators that can be used in 
the PD process to satisfy CNs (Chen et al., 2013). Strategies able to include 

such new indicators in the QFD should be investigated.  

Setting product targets 
A wide range of studies aim to model CS as function of DRs to support the 
process of setting customer-focused product targets at early stages of the design 

process. Related works can for instance be found in the area of affective design 
(e.g., Jiang, Kwong, Siu, & Liu, 2015; Kwong & Wong, 2008; Kwong, Fung, 
Jiang, Chan, & Siu, 2013) which is a research area that focuses on the intangible 
and emotional aspects of a product such as aesthetics, personality and style 
(Kwong et al., 2013).  

Affective design draws inspiration from Kansei Engineering, which aims to 
quantify links between DRs and user impressions (Nagamachi, 2010; Schütte, 
Eklund, Axelsson, & Nagamachi, 2004). Affective responses are obtained from a 
survey where customers are usually able to select from a range scale the level of 
satisfaction for a given set of design attributes based on the provided affective-

dimensions (e.g., “simplicity”, “uniqueness”, “high-tech”, etc.).  

Customer satisfaction has also been explored in QFD (e.g., Wasserman, 1993) 
where CN importance and relationship matrix are considered the main input to 
the model.  
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(A5) The existing approaches assessing CS sensitivity to changes in DR 

levels require availability of customer survey data and are thus time-
consuming and costly (Liu, Jin, Ji, Harding, & Fung, 2013).  

(A6) It is often assumed that CS can be increased by the same percentage as 
the product performance; however, such relationship is not simply linear 

(Tan & Shen, 2000).  

The non-linearity of CS to product performance was qualitatively illustrated by 
Kano et al. (1984), who stated that customers have different attitudes towards 
different product performance levels because they have different intensities of 

impact on CS. The authors proposed a customer requirements classification based 
on their impact to CS. The Kano classification provides designers with valuable 
information that can be used when designing new products or when improving 
existing ones (Violante & Vezzetti, 2017). 

Different approaches have been proposed to improve the Kano model (Berger et 
al., 1993; Clegg, Wang, & Ji, 2010; Wu & Wang, 2012; Xu et al., 2009). With 
the broad acceptance of QFD and the Kano model, some approaches have 
focused on the integration of both methods together with the aim to make CNs 
that highly affect CS more visible in the design process (e.g., Chaudha, Jain, 
Singh, & Mishra, 2011; Tan & Shen, 2000; Tontini, 2007).  To do so, Kano 
categories are often used to adjust the raw CN’s importance in the HoQ. 

1.1  Research gap  
The research gap identified in this thesis is schematically summarized in Figure 1 
where the cross “X” indicates need for further development.  

RQ2

RQ1

OUT

Tools, methods, 

methodologies

TARGET SETTING PROCESS

Traditional

 (data source)

Website 

(data source)

Sensor 

(data source)

CONCEPT 

GENERATION
MISSION 

STATEMENT

IN

Customer data

obtained

Customer data

required

1

1

3

2

 
Figure 1: Identified research gaps and research questions 

Traditional data source refers to customer data obtained from surveys, focus 

groups, dealer visits, etc. Website data source refers to user generated content 
available in internet such as product reviews found in forums or e-commerce 
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websites. Lastly, sensor data source refers to information obtained from sensors 

embedded to existing company products, lab tests, etc.  

Despite the increased availability of customer data from these sources few studies 
take advantage of such for CN gathering during target setting (A2, A3). Instead, 
traditional data sources are often the main customer information used (see cross 1 

in Figure 1). Customer information gathering from these sources is said to be 
time-consuming (A1, A5).  

Further, works supporting the actual target setting consider that customer 
information is mainly identified, gathered and processed by a cross-functional 

team prior to target setting. Complex products are developed by large teams, few 
of whose members may have participated in the customer data gathering and 
analysis. Hence, target setting depends on the team’s interpretation and 
understanding of the CNs, which may lead to design assumptions (A4). There is 
a lack of methodologies that support companies on identifying what missing 
customer information is relevant to know in order to enhance understanding of 

CNs for objective target setting (see cross 2 in Figure 1).  

Methods used to predict CS for a set of DR targets are mainly based on customer 
perceptions on competitors’ performance or survey data and often assume CS as 
linearly dependent on product performance improvement (A6) (see cross 3 in 
Figure 1).  

The presented research gap leads to the following Research Questions (RQ): 

RQ1. How could companies improve the process of customer information 
acquisition relevant to the target setting? 

RQ2. How could companies use information from different customer data 

sources to support a more objective target setting process? 

1.2 Purpose, success criteria and objective 
RQ1 and RQ2 are interdependent (see Figure 1). RQ1, relates to the 
identification of customer information relevant (and missing) to target setting, 
while RQ2 relates to effective customer information analysis to support the target 
setting. The purpose of the research presented in this thesis is: 

To increase companies’ sales and profit by enabling the design of 
competitive products by means of more objective, customer-focused and 
time-efficient target setting activities. 

Based on the provided purpose description, the success criterion1 of the research 
presented in this thesis is “an increase in companies’ sales and profit”. Note, 

                                      
1 Understood as the quantitative or qualitative values considered essential to later determine whether 
the results of the research help to achieve the goal (Blessing & Chakrabarti, 2009) 
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however, that the suggested success criterion can only be assessed once the 

product is out in the market, which is outside the timeframe of the doctoral 
studies. A criterion that is linked to the chosen success criterion and can be 
applied to judge the outcomes of the research, given the resources available 
within the project, has been proposed (Blessing & Chakrabarti, 2009).  

A way to obtain “increased sales and profit” is by the “design of competitive and 
customer-focused products”. Still, to assess the value of designing a competitive 
and customer-focused product requires at least a functioning prototype of the 
product, which is not possible within the scope and duration of the research 
project. Target setting is critical for “designing highly competitive and customer-
focused products”. Hence, given the available resources,  

high quality of target setting decisions is the chosen measurable success 
criterion to assess the outcomes of the research presented in this thesis. 

The term “target setting decisions” refers to the designer decisions in setting 
product specifications, while “quality” here refers to the extent to which such 
decisions are made from the customer’s perspective (i.e., towards the design of a 
highly competitive and customer-focused product).  

The main objective of this thesis is therefore:  

To develop a methodology2 supporting customer-focused data-driven 
decision-making during target setting. 

1.3 Research scope 
The research presented in this thesis has been focused on a business-to-customer 
scenario within the manufacturing industry. Further, target setting carried out at 
early stages of the concept development stage is in focus, i.e., after the company’s 
mission statement definition and before concept generation (Ulrich & Eppinger, 
2012). Special focus is placed on, but not limited to, the target setting on DRs 
related to behaviour (e.g., product performance) rather than physical 

characteristics (e.g., aesthetics, ergonomics, etc.).  

 

                                      
2 formed by processes, methods and tools 
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2. Theoretical Framework 
This chapter presents the most relevant theories, methodologies and methods from which the research 
presented in this thesis draws inspiration.  

Two main research areas are explored in this doctoral thesis (see biggest circles in 
Figure 2). The research area with a solid line is a research area to which this 
doctoral thesis aims to contribute. The research area highlighted with a dashed 
line refers to a research area that has been essential as input for developing the 
support, whereas no direct contribution from the research presented in this thesis 
is generated. 

The circles within each represented research area highlight essential research 
methodologies, tools and theories explored in this thesis. Bright circles refer to 
methodologies and methods that were useful to aid understanding of the actual 
situation rather than to form the basis of the research presented in this thesis. The 

shadowed circles, on the other hand, refer to methodologies and methods which 
were essential for the development of the presented research. Hence, they are 
described in greater detail in this section. The reader is referred to Paper E for a 
description and literature review of sentiment analysis. 

essential

useful

Kansei 

Engineering

User 

Centred 

Design 

Product 

Development

Machine 

Learning

Data mining

 and analysis

Customer-focused 

data-driven

 target setting 

Natural 

Language 

Processing 

PD 

process

Quality 

Function 

Deployment 

Axiomatic 

desgin

Robust 

design

Sentiment 

Analysis Kano 

model

 

Figure 2. Areas of research and interest 

2.1 Product development process 
A PD process is the sequence of steps and activities that a company employs to 
conceive, design and commercialize a product (Ulrich & Eppinger, 2012). The 
process is carried out by three main core functions; these are marketing, design 
and manufacturing. Regardless of the knowledge residing in each of the PD 
functions, decision-making in PD is interdependent (Krishnan & Ulrich, 2001; 
Ulrich & Eppinger, 2012). Thus, for effective PD decision-making, cross-

functional teams are crucial.  Having a specific team goal, willingness to change, 
team cohesiveness, keeping the customer focus (Holland, Gaston, & Gomes, 
2000) and sharing insightful and useful knowledge (Haas & Hansen, 2007) that it 
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is easy to internalize (Kane, 2010) are some of the critical success factors for 

cross-functional teams.  

Generally, the PD process consists of 6 main stages (see Figure 3), starting from 
an industrial need or opportunity (stage 1), the design of the solution (stage 2 to 
stage 4), the evaluation of the prototype (stage 5) and subsequently the 

production and launch of the product (stage 6). Stage 1 and Stage 2 are referred 
to by some practitioners as the fuzzy front-end. The word “fuzzy” is used to 
highlight the ambiguity of such stages due to the use of abstract and not well-
defined design objectives (Krishnan & Ulrich, 2001). Instead, in the subsequent 
stages, more technical and engineering-based language is used. As shown in 
Figure 3, stages 2 to 4 are in focus in the presented theoretical framework due to 

its relation with target setting. These are more extensively described at the end of 
this section. Due to the scope of the research presented in this thesis, more 
emphasis is placed on works related to the concept development stage (see 
grading scale in Figure 3). 
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Figure 3. Product development stages, adapted from Ulrich and Eppinger (2012) 

Depending on the context of the company and the challenges of the chosen PD 

project, stages 1 to 6 in Figure 3 will be differently deployed. That is, generic PD 
process is often referred to as a market-pull scenario, where the team begins the 
project based on a market opportunity (Ulrich & Eppinger, 2012). This is typical 
in industries such as sporting goods, furniture, tools, etc. Such a process can also 
be referred as the stage-gate or waterfall models, where PD is divided into 
distinct stages that are separated by decision points often named as gates.  Instead, 

a spiral PD process is adequate for quick-build products where detail design, 
prototyping and test activities are repeated a number of times. Software and 
smartphones are some of the products that are often designed based on such 
strategy. Complex systems PD process differs from the generic PD such that 
subsystems and components are developed by many teams working in parallel, 
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followed by system integration and validation (Ulrich & Eppinger, 2012). This is 

typical in the automotive industry, among others.  

In general terms, PD performance is measured by the lead time to develop the 
product, the cost of the development effort, the manufacturing cost of the 
product and the product's quality or attractiveness in the market (Krishnan & 

Ulrich, 2001). There are many ways to build quality into a product, such as by 
ensuring that target specifications meet CNs (Akao, 1990; Griffin & Hauser, 
1993) as well as by reducing product performance variation caused during the 
product design and/or manufacturing process (e.g., Suh, Bell, & Gossard, 1978; 
Taguchi & Wu, 1979; Ulrich & Eppinger, 2012). The goal is therefore to design 
a product that meets CNs and can be easily manufactured for the given targets 

within their specified tolerances and specified cost. Different methodologies, 
methods and tools that can be used to develop high-quality products have been 
proposed in the literature. Based on to the research presented in this thesis, some 
of them are presented in sections 2.3 to 2.6. 

2.2 Transforming customer needs into design parameters 
The mission statement is a document derived in the planning stage and it is 
created after the prioritization of different PD opportunities (e.g., newly sensed 
need, technology, mismatch between need and existing solutions, etc.). 
Competitive strategy, market segmentation and technological trajectories are 
some of the aspects used to rank the different PD opportunities. Generally, the 
mission statement is formed by a brief description of the product (e.g., product 

vision), benefit proposition, key business goals and target market(s) for the 
product and stakeholders.  

Given the mission statement, the concept development stage starts by gathering 
the VoC. That is, raw, unprocessed information from the customer which often 
includes complaints, needs, functional requirements, performance specifications 

and targets, solutions and other customer statements. Gathered customer raw data 
is interpreted by team members to derive CNs.  

Customer Needs 
According to the Oxford English Dictionary a need is “[a] feeling of want 

that provides a basis for behaviour or action”. Kuehl et al. (2016) states that 
needs are often intangible and individuals concretize them implicitly 
by transforming them into wants and demands. Kotler and Armstrong 
(2010) differentiate between CNs, wants and demands. The authors 
claim that CNs are “states of felt deprivation”, wants are “people’s desires for 
specific satisfiers of needs” and demands are “backed by the ability to buy 

them”. The authors exemplify this definition with an example: “a person 
might have the need for mobility, wants a car, and demands a Volkswagen 

Golf”. Özdağoğlu et al. (2016) states that “Customer needs are just 

benefits that tell why things are important to the customers and generally lie 
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behind any verbatim or reviews obtained from them”. Instead, Timoshenko 

and Hauser (2019) refer to a CN as “an abstract context-dependent 
statement describing the benefits, in the customer’s own words, that the customer 
seeks to obtain from a product or service".  In the PD research field 
Customer Needs, Customer Attributes and Customer Requirements 
are some of the expressions frequently used interchangeably to refer to 
the same concepts. 

According to Griffin and Hauser (1993) between 200 and 400 CNs can usually 

be identified through discussions with customers. Thus, identified CNs are often 
grouped into a hierarchy (Griffin & Hauser, 1993; Ulrich & Eppinger, 2012). 
Affinity and Hierarchy Diagrams are some of the tools often used for this 
purpose. Griffin and Hauser (1993) differentiate between primary, secondary and 
tertiary CNs. The primary CN refers to the company’s strategic decision for the 

product to be developed. Instead, the secondary need is what the team more 
specifically must fulfil to satisfy the corresponding primary (i.e., strategic) need. 
Tertiary needs, as the operational needs, provide detail so that engineering can 
develop solutions to satisfy the secondary needs.  

The identified main CN categories are then used to obtain priorities, which 

should be provided by the customers. Analytical Hierarchy Process or AHP 
(Saaty, 1987) is a tool often used for this purpose. The set of CNs is subsequently 
translated into DRs.  

Design Requirements 

Design Requirements are metrics indicating what the product has to do 
rather than how (Suh et al., 1978; Ulrich & Eppinger, 2012). Ulrich 
and Eppinger note that DRs should be dependent, not independent, 
variables. The authors give as an example of DR the mass of a product 
component, which is a dependent variable of material (independent 
variable). Design Requirements, Functional Requirements, Engineering 

Characteristics and Design Attributes are some of the words used 
interchangeably in the literature to refer to the same concept, i.e., 
engineering measures (Griffin & Hauser, 1993) or metrics (Ulrich & 
Eppinger, 2012) of product performance.  

Hence, the set of DRs is associated with a target value, also referred to as product 
specifications. According to Ulrich and Eppinger (2012), the set of product 

targets is defined by an ideal value and a marginally acceptable value (e.g., 
tolerance) which is the value of the metric that would just barely make the 
product commercially viable. Hence, to set targets, customer perception of 
performance is gathered, i.e., benchmarking measurements provide information 
about how customers perceive products that now compete in the market being 
studied.  
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Preliminary DR targets are considered to generate a set of concepts. Target 

specifications are preliminary because until a product concept is chosen and some 
of the design details are worked out, some trade-offs are uncertain (Ulrich & 
Eppinger, 2012). These trade-offs often occur between different technical 
performance metrics (DRs) as well as between technical performance metrics and 
cost. Technical and cost models are often developed to assess such trade-offs. 

Technical models 
Technical models are analytical and physical approximations of the 
product and are used for predicting the values of the metrics for a 
particular set of design decisions (Ulrich & Eppinger, 2012). Hence, the 
input to these models is the independent design variables associated 
with the product concept in focus.  

For relatively mature product categories, conjoint analysis (Green & Srinivasan, 

1978) is also useful to refine DRs targets. Conjoint analysis uses customer survey 
data to construct a model of customer preference. Customers are asked to 
evaluate hypothetical products characterized by a set of DR targets. The DRs 
must generally be metrics that are easily understood by customers. Using 
customer responses, conjoint analysis infers the relative importance of each DR 

to the customer.  

Given the set of DR targets for a complex product consisting of multiple 
subsystems often designed by multiple development teams, the challenge is to 
share the overall product specifications to specifications for each subsystem. A 

comprehensive treatment of decomposing specifications for complex products is 
the major focus of the field of systems engineering (Ulrich & Eppinger, 2012). 

Systems engineering 
Systems engineering involves a set of processes and activities towards 

the development of a system, generally understood as “a collection of 
elements” (Dickerson & Mavris, 2016). The “Vee” model is a well-
known system engineering process whose graphical representation is as 
its name indicates (Dickerson & Mavris, 2016). The downward steps 
correspond to the decomposition and definition, starting from an 
abstract concept to a deeper level of detail. The bottom or vertex of the 

Vee is the actual fabrication of the system components. The second half 
of the process is integration and verification, in which all parts of the 
system are produced and progressively integrated into larger assemblies. 

During the system-level design stage the architecture, modules and interfaces to 
satisfy the set of product specifications are defined. Further, within this stage, 
decomposition of the products into subsystems and components as well as 

preliminary design of key components is carried out. Lastly, the detail design 
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stage includes the complete specification of geometry, materials, and tolerances of 

all the unique parts of the product and all the standard parts to be purchased from 
suppliers. Within this stage, the design parameters (DPs) related to each product 
sub-function are defined. Some researchers refer to this stage as parametric 
design. 

Design Parameters 
Design parameters are seen as the actions designers can take to change 
the performance of the DRs (Griffin & Hauser, 1993), i.e., independent 
variables able to change the DRs, as defined by Ulrich and Eppinger 
(2012).  

2.3 Quality Function Deployment  
Quality Function Deployment is a common and broadly accepted methodology 

for developing products through customer focus (Akao, 1990). QFD incentivizes 
integration between different PD functions from marketing to manufacturing by 
the use of 4 main matrices, also called “houses”, which are considered as the basic 
design tool to link the VoC to engineering, manufacturing and R&D decisions 
(Griffin & Hauser, 1993). The matrix format allows team members to visualize 
trade-offs and to support decision making by ensuring customer focus. The first 

“house” is called House of Quality (HoQ) and links CNs into DRs (Hauser & 
Clausing, 1988). The HoQ is in focus during target setting. 

House of Quality  
The main elements of HoQ are represented in Figure 4 together with an 

illustrative example. The HoQ is formed by 6 main parts. The parts (1) and (2) in 
Figure 4(a) contain the set of CNs and relative importance. Generally, the 
relative importance is derived based on the planning matrix which is a tool to 
help re-prioritize CNs based on the obtained raw CN priority and competitive 
analysis. The CN importance is normalized such that their sum across the CNs 
equals 1.  
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Figure 4. Main parts of House of Quality (a) and example (b)  

Five CNs are considered in the example in Figure 4(b) being CN1 and CN5 the 
two CNs with highest importance. Based on the derived CNs, the cross-
functional team is responsible for identifying the DRs which are placed in the 

part (3) in Figure 4(a). Four DRs are identified for the given example in Figure 
4(b).  

Subsequently, team members establish the relationship of each CN for the 
identified DRs (see 4 in Figure 4(a)). As shown in the example in Figure 4(b), 
CN2 has a strong relation with the fulfilment of DR4, medium relation with the 

fulfilment of DR2, weak relation with the fulfilment of DR1 and no relation with 
the fulfilment of DR3. Such relationships are defined based on designers’ 
experience and while in the provided example they are indicated by symbols (see 
Figure 4(b)), they are usually translated into technical importance rating data 
lying on an interval scale (e.g., 1-3-9).  

Relationship matrix 
The QFD ISO norm (ISO 16355-1:2015) identifies three different 
ways to define the relationship strength between a CN and DR: (a) 
Classical QFD symbols represent 3 levels (e.g., 1-2-4, 1-3-5 or 1-3-9), 
(b) Modern QFD symbols represent from 5 to up to 9 strength levels as 

weak, moderate, strong, very strong, or extremely strong, as well as 
intervals such as weak-to-moderate, and so forth and (c) Non-linear 
relationships based on mathematical models such as fuzzy sets theory 
have also been used (e.g., Chen et al., 2004) 

Due to the existing trade-offs between different DRs, the HoQ is also formed by 
a correlation matrix (see part (5) in Figure 4(a)) which indicates if correlation 

between two DRs exists. Once information in (1)-(5) is identified, the HoQ 
allows the prioritization of DRs based on the VoC in order to efficiently allocate 
resources. The absolute technical importance measure (w’j) for each DRj is 
calculated as shown in Eq.(1)  

 wj
′ = ∑ di ∙ rij

i=1,…,m

 (1) 

where di refers to the CNs’ relative importance and rij the relationship between 
the ith CN and the jth DR and represents the extent to which a DR level impacts 
a given CN. The absolute technical importance measure is transformed into 
relative technical importance measure wj, by dividing each weight by the total of 

all weights and multiplying by 100% (see part (6) in Figure 4(a)). For the given 
example, in Figure 4(b), DR1 and DR4 have the highest relative technical 
importance. 
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Normalization of relationship matrix 
The contribution of DRs to overall CS (referred as demanded weight) 
can be calculated by the CN importance di and the row sum of the 

quantified rij values, i.e., di ∙ ∑ rijj=1,…,n . Lyman (1990) noted that 

demanded weights can be out of proportion for CNs with low di but 
related with a high number of DR and vice versa. To address this 

problem, the authors proposed rij
norm, see Eq.(2): 

 
rij

norm =
rij

∑ rijj=1,..,n
 (2) 

Wasserman (1993) claims that rij
norm is accurate as long as the DRs do 

not exhibit a high degree of dependence. The author proposed a 
normalization procedure where DR trade-offs are included, see Eq.(3): 

  
rij

norm =
∑ rij ∙ γkjk=1,..,n

∑ ∑ rij ∙ γjkk=1,..,nj=1,..,n
 (3) 

Where γkj represents the technical correlation between DRj and DRk in 

the vector space. Correlation symbols such as the ones used in the 
relationship matrix are consequently used to represent correlations. 
These symbols are also translated into numbers from a given range 
scale.  

Customer satisfaction modelling based on HoQ 

With the aim to set targets that result in maximum CS, Wasserman (1993) 
proposed an expression for maximizing overall CS, based on the HoQ. This is 
shown in Eq.(4) 

 

CS = ∑ di ∗ ∑ rij
norm ∗ xj

j=1,…,ni=1,…,m

  (4) 

where CS refers to the predicted overall customer satisfaction, xj the level of DRj 
fulfilment and di the calculated CN relative importance. 

DR fulfilment 
The DR fulfilment is used to represent the extent to which a objective 

DR target can be met. Studies that aim to derive optimum targets 

propose optimization methods whose xj values correspond to 

maximum CS for a given set of constraints (e.g., cost, capability, etc.). 

Generally, xj is assumed to be scaled on a percentage basis where 

xj=100% denotes complete fulfilment of the objective DR target set for 

DRj. Objective DR targets are established based on competitors’ DR 

performance and strategic decisions. 
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2.4 Kano method 
Kano et al. (1984) (as described in Berger et al., 1993) developed a methodology 

to categorize different types of product quality (e.g., must-be, one-dimensional, 
attractive) based on their impact on CS. The Kano diagram is illustrated in Figure 
5, where the x axis indicates the extent to which a CN is fulfilled by a given 
product performance and the y axis indicates how such CN fulfilment impacts 
customer satisfaction (e.g., Berger et al., 1993; Tan & Shen, 2000).  

One-dimensional requirements are those in which customer satisfaction increases 
with an increase in product performance. Must-be requirements refer to CNs 
where the customer is strongly dissatisfied when the CN is not fulfilled, but 
where the customer’s satisfaction does not rise above neutral no matter how 
much better the CN is fulfilled. Lastly, the attractive curve refers to product 

features that customers do not expect in the product but it would positively 
surprise them if existing. Figure 5 also highlights the effect of CN dynamism 
which makes DRs move from attractive to must-be over time as customers get 
used to and expect them in the product (Kano, 2001).  

Attractive

One-

dimensional

satisfied

CN 

fulfilled

TIME

CN 

not fulfilled

 dissatisfied

Must-be

 

Figure 5. The Kano diagram, adapted from Berger et al. (1993) 

In order to categorize CNs into the above-mentioned categories, Kano et al. 

(1984) developed a customer questionnaire formed by a set of functional and 
dysfunctional questions. Customer answers of such questionnaires are the main 
input for CN classification into Kano categories. An example of functional/ 
dysfunctional questions and possible answers forming the Kano questionnaire 
together with the classification table based on the customer answers are shown in 
Figure 6(a) and Figure 6(b), respectively.  

Three other Kano categories are shown in Figure 6 (b). Indifferent refers to 
product features that a customer is indifferent to; Questionable refers to a 
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contradiction in the customer’s answers to the questions; Reverse indicates that 

the a priori judgment of functional and dysfunctional is the reverse of what the 
customer feels. For the example provided in Figure 6(a), the CN “SMS text 
capability” corresponds to a must-be category.  
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Figure 6. Functional/Dysfunctional Kano question (a) and requirement classification (b) 

Some authors argue that the Kano question formulations can lead to different 
Kano classifications. Mikulić and Prebežac (2011 p.49) stated that “it is being 
implicitly assumed that consumers’ evaluations of a given attribute in terms of 
provision/non-provision are the same (or at least similar) to consumers’ evaluations of the 
same attribute in terms of high/low attribute performance”. In addition, it is argued the 

traditional Kano method only deals with a certain range of answers through a 
sampling survey, thus suggesting that the results do not reflect the complex 
thought of individuals (Violante & Vezzetti, 2017).  

Customer satisfaction modelling based on Kano method 

Different approaches have been proposed to extend the Kano diagram from 
qualitative to quantitative in order to abandon the strictly linear view of the 
impact of product performance on CS generally considered in HoQ. Berger et al. 
(1993) introduced a quantitative analysis of customer satisfaction into Kano’s 
model by calculating the “better” and “worse” values. These values are 
afterwards referred to by Matzler et al. (1996) as CS coefficient and customer 

dissatisfaction (DS) coefficient for a given CN. These coefficients represent the 
average impact of a CN fulfilment or non-fulfilment on the satisfaction of 
customers and they are calculated as shown in Eq.(5) and Eq.(6), respectively. 

 
CS =

Attractive + OneDimensional

Attractive + OneDimensional + MustBe + Indifferent
  (5) 

 
DS =

OneDimensional + MustBe

Attractive + OneDimensional + MustBe + Indifferent
 (6) 
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Customer satisfaction and DS coefficients identify the percentage of satisfied or 

dissatisfied customers for a given CN fulfilment/non-fulfilment. However, the 
resulting Kano category is still qualitative in nature, as it cannot precisely reflect 
the extent to which the customers are satisfied (Violante & Vezzetti, 2017). 

In the work proposed by Clegg, Wang and Ji (2010) the authors aim to predict 

customer satisfaction to some degree of fulfilment, and the authors assume that 
CS and DS coefficients are obtained based on complete fulfilment and non-
fulfilment of the CN, respectively. Hence, the CN-CS relationship shapes 
illustrated in the Kano diagram (see Figure 5) are considered to model the Kano 
categories as linear and exponential functions. To do so, the CS and DS 
coefficients are considered. The authors suggest that such an approach could be 

integrated with different design tools such as the QFD and emphasize that 
attractive and must-be relationship functions should be developed in greater 
detail. 

Xu et al. (2009) propose a set of Kano classifiers to categorize CNs. Such 

categorization is carried out based on Kano indices in the polar form, where the 
magnitude of the vector denotes the overall importance of CN and the angle 
determines the relative level of satisfaction and dissatisfaction. Consequently a 
configuration index is derived to support decisions with respect to product 
configuration design. The reader is referred to Mikulić and Prebežac (2011) for a 
review of techniques for classifying quality attributes in the Kano model. 

2.5 Axiomatic design theory 
Products are said to reach high quality when their performance is in the target 
value (nominal) and within the tolerances (e.g., upper and lower limits). Hence, 
design engineers need to derive good designs both for the product and the 
manufacturing process. Suh et al. (1978) argued that there is a lack of engineering 
design methodologies that guide designers in the process of developing high-

quality products. Hence, the authors introduced Axiomatic Design.  

Axiomatic design theory is based on the independence and information axioms 
which, according to the authors, govern good design practice. The independence 
axiom refers to designs where a change in a DP should not affect more than the 

functional requirement that it is dependent on. In other words, functional 
requirements should be independent. Instead, information axiom refers to 
minimization of the information. In other words, given a set of designs fulfilling 
the independence axiom, the one with least information (e.g., lowest number of 
instructions associated with it) will be the best of the designs. Hence, Suh et al. 
(1978) define good designs as those that do not have functions coupled and in 

which information content in the design is low. Based on these axioms, 
axiomatic design operates in 4 different domains, as shown in Figure 7. 
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The customer domain contains the set of customer attributes. This domain is 

followed by the functional domain which contains all the functions of the 
product, i.e., the set of product targets. The physical domain is instead the 
domain where the DPs are defined. Lastly, the process domain specifies the 
manufacturing methods that can produce the DPs. Hence, in this domain, 
process variables (indicated as PV in Figure 7) are defined.  

Decomposition is required to move from one to another domain which is carried 
out in layers and in a hierarchical fashion going from general to specific (referred 
to as zigzagging). That is, the process starts with a set of CNs. For a given CN, 
the set of Functional Requirements (indicated as FR in Figure 7) is derived. 
Subsequently, a Functional Requirement is taken as the basis for deriving the set 

of related DPs. Lastly, given a DP, the set of process variables is defined.  

CA FR DP PV

CUSTOMER
 DOMAIN

FUNCTION
DOMAIN

DESIGN 
DOMAIN

PROCESS 
DOMAIN

 

Figure 7. Axiomatic design, adapted from Suh et al. (1978)  

2.6 Robust design 
Robust design is an efficient and systematic methodology that applies statistical 

experimental design for improving product and manufacturing process design 
(Tsui, 1992). Robust design accounts for controlling variation in products or 
processes and was originally developed by Genichi Taguchi in Japan during the 
1840s. The methodology received international attention in the 1980s when 
findings were published in English (Taguchi & Wu, 1979). Generally, the 
product or process is affected by factors that are controlled by engineers (i.e., 

control parameters) and noise factors, which are often expensive or impossible to 
control during production (Tsui, 1992).  

The aim of robust design is to reduce the output variation from target by making 
the performance insensitive to noise factors such as manufacturing imperfections; 
environmental variations, etc. In order to make products or processes less 

sensitive to sources of uncontrollable noise, or outside influences, statistical 
experimental design is often deployed to seek noise-control factor interactions. 
The p-diagram is a tool often used in system-level design to ensure robust design. 
The tool helps team members to identify and classify all of the variables associated 
with a product as signals (inputs), responses (outputs), control factors or noise 
factors.  Control factors are parameters that can be specified by the engineer, 
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either as fixed values or adjustable values, while noise factors are beyond the 

control of the designer.  

Based on the concept of reducing variation, the conventional conception of 
quality, i.e., that any performance within the target specifications (i.e., nominal 
and tolerance values) is equally acceptable in the market, was shifted towards the 

Taguchi’s view which defines quality as “the losses a product imparts to the 
society from the time the product is shipped” (Taguchi & Wu, 1979). That is, 
any deviation from the intended value incurs a loss to the user. These quality 
views are illustrated in Figure 8 where LSL and USL refer to Upper and Lower 
Specification Limits, respectively. 

Some authors argue that the Taguchi’s definition of quality should also consider 
losses before the product is shipped, such as scrap in manufacturing (Kackar, 
1985). Suh et al. (1978) claim that robust design is used to characterize those 
designs that ensure the manufacture of a quality product, while to produce high-
quality products there is a need for good designs both for the product and the 

manufacturing process. Suh et al. (1978) also points out that “robustness is 
ultimately related to productivity, since the yield & productivity of the manufacturing 
operation are higher when the product design is robust”.   

LSL USL

Target

LSL USL

Target

(a) (b)

LossLoss 

 
Figure 8. Conventional (a) and Taguchi’s (b) quality loss function 

Part of the literature considers robust design as a specific procedure in the detail 

design stage; although some other authors claim that robust design is an overall 
approach that is also relevant in earlier stages of the design process, such as 
concept development. Authors supporting the latter view claim that robust 
designs may be enhanced by appropriate choices of product concepts, especially 
in those situations where physical experimentation or computer simulations are 
not possible (e.g., Andersson, 1997). 
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3. Research approach 
This chapter presents the research approach methodology deployed in the appended papers and presents the 

strategy adopted for the development of this doctoral thesis. This is followed by a discussion of the chosen 
data collection methods and analysis. 

Design Research Methodology (DRM) was proposed by Blessing and 
Chakrabarti (2009) as a means of improving the quality of design research and 
helping design researchers to become more effective and efficient. Due to the fit 
of the presented research into the design research area, DRM has been taken as 
basis.  

3.1  Design Research Methodology (DRM) stages 
Figure 9 provides a schematic representation of the iterations among the DRM 
stages as well as their associated basic means and outcomes.  DRM stages are 
iterative in nature and thus they have been updated during the course of this 

doctoral thesis. 

Research Clarification (RC)

Descriptive Study I (DS-I)

Descriptive Study II (DS-II)

Prescriptive Study (PS)

Literature analysis

Empirical data

Analysis

Assumption/Experience

Synthesis

Empirical data

Analysis

· Research objective and scope

· Research Questions (RQ)

· (measurable) Success criteria

BASIC MEANS DRM stages MAIN OUTCOMES

· Understanding of as-is situation

· Key factors and their relation to 

the (measurable) success criteria

· Support

· Evaluation of Support (links 

between key factors and success 

criteria)

 
Figure 9. DRM (overview) adapted from Blessing and Chakrabarti (2009) 

The Research Clarification (RC) stage aims to define the research goal in the 

form of objectives, RQs, success criteria and measurable success criteria.  

Success criteria and success factor 
According to Blessing and Chakrabarti (2009), the success criteria are 
those quantitative or qualitative values considered essential to later 

determine whether the results help to achieve the goal. The authors 
refer to success factor as the measure of the success criteria. Hence, if 
the success criterion is “high company sales”, then “company sales” will 
be the measure to determine whether the success criterion is fulfilled 
(i.e., the success factor).  
 

 



CHAPTER 3 

22 
 

Measurable success criteria/factor 

A measurable success criterion is a criterion linked to the chosen success 
criterion that can be applied to judge the outcomes of the research 

given the resources available within the project (Blessing & Chakrabarti 
2009). Given the above-mentioned example, it is known that “product 
quality” is a factor that impacts “company sales”. Hence, if company 
sales cannot be measured due to, for instance, time constraints, “high 
product quality” may be the measurable success criterion. 

Subsequently, the Descriptive Study (DS-I) stage is deployed with the aim to 

obtain a better understanding of the existing (as-is) situation being explored. This 
results in the identification of key factors (Blessing & Chakrabarti, 2009). 

Key factors 
Key factors are identified factors that are likely to lead to an 

improvement of the existing situation if they are addressed (Blessing & 
Chakrabarti, 2009). Considering the above-mentioned example, a key 
factor for the success criterion “high product quality” could correspond 
to “product performance variation”.  

To be able to judge the existing situation and to suggest efficient and effective 
ways of improvement, Blessing and Chakrabarti (2009) suggest that the 
understanding of the as-is situation should lead to a complete link between the 

success criteria and the identified key factors. 

Link between success criteria and key factors 
Considering the above-mentioned example, a link between the key 
factor and (measurable) success criteria could be: the lower the 

“product performance variation”, higher the “product quality”. This 
link indicates the expected effect on the success criterion (product 
quality) if the key factor “product performance variation” is addressed. 

Given the set of identified key factors and link (or relation) to the success criteria, 
the Prescriptive Study (PS) stage is deployed. The aim is to develop the support 
that can accordingly address the previously identified key factors affecting the 

success criteria. Lastly, whether the developed support has the desired effects or 
not (defined towards the link of the key factors with the success criteria) is 
evaluated within the Descriptive Study II (DS-II). 

3.2  Doctoral thesis roadmap based on DRM stages 
The set of appended papers included in this doctoral thesis follows the DRM 

stages presented in the above section. The presented doctoral thesis is the result 
of grouping the results obtained in Papers A-E for each corresponding DRM 
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stage. The doctoral thesis roadmap based on the DRM stages is presented in 

Figure 10 accordingly.  

The set of key factors resulting from the DS-I studies from Papers A-E and their 
link to the success criteria are presented in Chapter 4 based on the understanding 
of the as-is target setting. Further, the set of PS carried out in Papers A-E 

contributes as a whole in the development of the customer-focused data-driven 
target setting methodology, i.e. the support that aims to improve the as-is target 
setting. This is presented in Chapter 5.  

Lastly, the developed support is evaluated by considering the results of the set of 

the DS-II stages carried out in Papers A-E, which is presented in Chapter 6. As 
illustrated in Figure 10, Papers A-E have updated and refined the RC stage. To 
ensure reader comprehension, the outcomes of the RC stage are presented in 
Chapter 1. Lastly, Figure 10 also pinpoints general interconnections between 
papers.  

 Chapter 1 Chapter 5 Chapter 6Chapter 4

Paper B

Paper A

Paper C

Paper D

Paper E
RESEARCH 

CLARIFICATION

DS-I PS

DS-I PS

DS-I PS DS-II

DS-I PS DS-II

DS-I PS DS-II

DS-II

DS-II

 

Figure 10. Doctoral thesis roadmap based on the DRM stages 

3.3  Data collection and analysis 
The data collection for the research presented in this thesis is both qualitative 
(e.g., open-survey questions, participant observation, etc.) and quantitative 

(closed-survey questions, sensor data, etc.).  According to DRM, most of the data 
collection occurs during the RC, DS-I and DS-II stages (see basic means in 
Figure 9). Table 1 illustrates an overview of what data is collected in the above-
mentioned DRM stages in relation to the produced paper as well as if the data 
collection method was real-time or retrospective.  

During data collection and analysis, data validity is crucial to both qualitative and 
quantitative research. According to Blessing and Chakrabarti (2009), in order to 
ensure data validity, bias and error need to be considered during data collection. 
The rest of this section presents the data collection methods procedure and 
analysis and discusses the process from a data validity perspective. 
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Table 1. Overview of data collection methods chosen in this thesis 

 
RC and DS-I 

DS-II 

 Real-time data collection Retrospective data-collection 

Paper A Literature review  Questionnaires (open-ended) 

Paper B Literature review 
Participant observation  

by note taking 

Questionnaires (multiple-choice, 

open-ended) 

Paper C Literature review 
Participant observation  

by note taking 

Usage data 

Questionnaires (multiple-choice) 

Paper D Literature review 
Participant observation  

by note taking 
Usage data 

Paper E Literature review  Text mining 

Literature review 
Keywords used during the literature review carried out during the RC and DS-I 

stages are grouped based on similarity in meaning, which resulted into 12 main 
keyword groups (see Table 2). Figure 11 illustrates what studies are explored in 
Papers A-E based on the identified keyword groups.  

Table 2. Keywords used during literature search 

 Keyword groups: 

1 Product development, PD, product design, etc. 

2 
Concept development, target setting, fuzzy front-end, front-

end, early stages, design process, etc. 

3 Customer-focus, customer-centric, customer information, etc. 

4 Uncertainty, risk, subjectivity, etc. 

5 
Customer needs, customer attributes, customer expectations, 

customer needs gathering, identifying customer needs, etc. 

6 
Design Requirements, Engineering Characteristics, product 

targets, product specifications, product attributes, etc. 

7 Translation, relationships, link, quantify, modelling, etc. 

8 Quality Function Deployment, QFD, House of Quality, HoQ 

9 
Kano, Kano method, customer satisfaction, customer 

satisfaction modelling/functions, etc. 

10 
Text data, user generated content, social media data, open-

survey questions, open-answers, etc. 

11 
Sensor data, product usage data, customer-product 

interaction, usage proficiency, etc. 

12 
Sentiment analysis, SA, aspect-based sentiment analysis, text  

mining, text data analysis, etc. 

 

Paper A             

Paper B             

Paper C             

Paper D             

Paper E             

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

 Keyword group 

Figure 11. Keyword group distribution in the review-based DS-I (Paper A-E) 
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The distribution shows that Papers A-E are similar in scope, based on 

commonalities in the keyword groups 1, 2, 3 and 5. Further, key group 6 is also 
used in the literature search (Papers B-E), as target setting is one important 
activity in concept development. Works studying the modelling of CS sensitivity 
to changes in DR levels are mainly examined during DS-I of Papers C and D 
(see keyword group 7 in Figure 11). Lastly, studies considering sensor data and 
text data as main customer information sources are explored in the review-based 

DS-I by Papers C and D and Papers A and E, respectively. 

a) Data validity  
To identify which research papers were most relevant to the presented research, 
multiple bibliographic databases were searched (Google Scholar, Scopus, etc.). 

Also, conference proceedings were reviewed and potential key journals were 
hand searched. In addition, more general internet searches were taken as a basis. 
To study an individual researcher or particular research group was also of interest 
in order to keep updated of recent research trends and/or specific approaches. 
Due to the interdisciplinary nature of the presented research, this strategy has 
been more challenging.  

b) Data analysis 
To select the relevant literature, research titles and abstracts were first read. If 
these were found as interesting for the topic of analysis, they were fully assessed 
for eligibility. To do so, conclusions were first read. If these indicated an 
interesting perspective, then the article was fully read. In addition, if an 

interesting source was encountered, articles citing such were reviewed with the 
same strategy. If a new keyword not included in the search was found as 
interesting during literature assessment, the search was updated accordingly.  

Participant observation 

Participant observation by note taking was arranged through a set of workshops. 
The workshops were set before the research project started, as they required 
knowledge sharing from different company departments (Attribute, Strategy, 
Business Leaders, etc.). Major participant observation was carried out during 
discussions of DR trade-offs during target setting of an electric vehicle. The 
length of the workshops varied from one-half day to one full day depending on 

the purpose. If short meetings were required, distance meeting tools such as 
Skype were used. Regular meetings between the participant company and the 
researcher were also established at the beginning of the process in order for the 
team to be able to allocate time in the project. At least one meeting a month was 
carried out. 

a) Data validity  
In order to lead effective discussions among the cross-functional team members, a 
follow-up of previous workshops was presented at the beginning of the 
workshop. In addition, the purpose of the workshop was reiterated. Further, if 
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more than one researcher was participating in the workshop, each participant 

took notes in order to ensure important information was not missing. 

b) Data analysis  
Workshop transcripts were reviewed at the end of the workshops with 
participants in order to determine whether important information was missing. 

Further, if more than one researcher participated in the workshop, their 
transcripts were later compared in order to ensure all the researcher participants 
had the same understanding. 

Questionnaires 

Questionnaires are taken as the basis to collect customer and company opinion. 
The designed questionnaires are related to an existing car climate system and DR 
trade-offs for electric vehicle target setting. The population required to answer 
the questionnaires in each case was discussed with stakeholders (research group 
and company members) and by considering the purpose of the developed 
support. In order to ensure trustworthiness in the process and high rate response, 

an initial e-mail explaining the purpose of the questionnaire and also ensuring the 
privacy of their answers was sent some time before the updated questionnaire was 
sent. EVASYS was used to design and distribute these surveys as well as for 
customer answer collection. 

a) Data validity 

The set of designed questions was first reviewed by a reference group that 
provided feedback in case the questions were not understood or leaded to 
confusion. Such a reference group was often a set of team members from the 
company that had not been involved in the design of the questionnaire.  

b) Data analysis 
Data analysis of open-survey answers refers to the interpretation of the text. 
Triangulation was used in order to avoid bias in the interpretation of customer 
information. Triangulation refers to the combination of multiple data sources and 
research methods, application of different theoretical perspectives, and use of 
multiple observers to reduce or at least detect bias and error (Blessing & 

Chakrabarti, 2009). To align the researchers’ understanding of the customer 
answer and avoid bias in the data analysis, open-survey answers were 
independently read by two separate researchers. Based on the researcher’s 
understanding of the sentence, the answers were assigned to a category (or code) 
from a given list. If an answer was coded into different levels, a third researcher 
was asked to take part in the discussion.  

Data analysis of the closed-survey answers was carried out with EVASYS, which 
automatically generates a basic statistical analysis (mean and standard deviation) of 
the set of closed-survey answers but it also allows the possibility to retrieve the 
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raw answers. Raw answers were saved with an ID number that did not allow 

association of the survey answers with the respondent. 

Text data mining 
Parsehub3  is a free web scraping tool that allows collection of data from different 
websites. The tool was used to extract product reviews from websites in the form 

of username, date and time, review and product he/she refers to. Further, it was 
assumed that people own the product and have posted a product review only 
once. As with questionnaires, user reviews and comments extracted from 
websites were analysed through triangulation. User reviews of coffee machines 
and smartphones were taken as a basis. Coffee machines were considered in the 
analysis due to their simplicity compared to more complex products such as cars, 

leading also to an easier interpretation of the results. User reviews of smartphones 
were also considered since smartphones have a relatively short lifespan and new 
technological solutions arise constantly. This makes it possible to determine if 
customer perceptions on product feature performance change over time.  

a) Data validity 
Websites containing user reviews of purchased products such as Amazon4 were 
used instead of open-forums, where information related to more than one 
product (e.g., comparisons) or not relevant to the product, is more likely to be 
included in the analysis.  

b) Data analysis 
To extract useful information from the set of user reviews, terms that may be 
irrelevant or too generic for textual analysis were removed. Some of the most 
common terms to remove are onomatopoeic words (e.g., ‘haha’), website links, 
HTML entities (e.g., ‘R&ampD’), emoticons (e.g., ‘^^’, ‘:)’) as well as stop words 
(e.g., ‘the’, ‘and’, ‘is’). Although different methods can be used to remove stop 

words, a precompiled list of stop words is considered. Further, text data are 
divided into sentences. Each sentence is related to the customer review it belongs 
to and what product the review is about.  

Usage data 

Usage data is extracted from a set of cars 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. All data from all vehicles were stored 
via the portal. 

                                      
3 https://www.parsehub.com/  
4 www.amazon.com  
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a) Data validity 

Usage data from the car climate system is the main usage data considered in the 
presented research. Although different product models were considered in the 
analysis, all of them contain the same car climate system, thus making different 
product usage performances comparable. It is assumed that usage data associated 
with each car corresponds to one driver. However, cars included in the study 
were used privately, which means that more than one driver per car may have 

contributed to the results, thus producing variability in the results. These 
assumptions still resulted in valid product usage data, as the focus was on the 
actual methodology assessment rather than the reliability of the results. 

b) Data analysis 

Sampling times differed for various signals. Hence, the different signals were 
transformed by means of linear interpolation to a common time matrix.  
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4. As-is target setting  
This chapter describes the understanding of the actual target setting, from which the key factors and links 
associated with the success criterion are derived.  

The as-is target setting methodology aims to describe to the reader a general 
picture of the target setting process understanding based on the Ulrich and 
Eppinger (2012) process description. The state-of-the-art analysis of works 
related to QFD (Akao, 1990) and Kano method (Kano et al., 1984), among 
others, is also taken as a basis. The resulting as-is target setting methodology is 
illustrated in Figure 12, where PD activities are represented by boxes. The arrows 

indicate dependencies between activities and contain input information required 
for the particular step. The IN arrows indicate if other customer information is 
also used in that particular step. Symbols are used to indicate those steps that are 
manual or automated/semi-automated (i.e., activities in which mathematical 
models supporting decision-making for that particular step are often used). 
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Figure 12. As-is target setting methodology 

Process overview 

Given a mission statement, team members arrange interviews with customers, 
focus group discussions and design surveys (among others) to derive the set of 
CNs (Step 1) and their importance based on the obtained CN priorities and the 
customer perceptions on competitors’ performance (Step 2). The latter gives 
information about company positioning in the market and thus allows companies 
to identify which CNs are better or worse fulfilled compared to competitors.  
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In order to derive the set of CN statements (Step 1), customer raw data (e.g., 

transcripts, survey answers, etc.) often need to be interpreted by team members, 
thus making the process manual. Once CN statements are derived, they are 
translated into DRs (Step 3). This is also a manual process and effective 
translation depends on the team’s understanding of the CN.  

Subsequently, in Step 4 some approaches prioritize the set of DRs according to 
the CN importance. This information is later used to model CS sensitivity to DR 
fulfilment. Instead, some other approaches consider Kano survey answers. In 
addition, if a set of concepts is generated, survey answers can be used as a means 
to model customer preferences to different product attributes and hence identify 
CS sensitivity. For this purpose, Kansei surveys (which often relate customer 

opinions on product aesthetics and form) as well as conjoint analysis are taken for 
this purpose. Since in these approaches a set of concepts needs to be generated in 
order to identify CS sensitivity, a discontinuous line and separate IN arrow is 
illustrated in Figure 12 (i.e., out of scope). Lastly, information about CS 
sensitivity to changes in DR levels and performance metrics of competitors are 
considered to set product targets (Step 6). 

4.1  Key factors identification 
The as-is target setting methodology starts by gathering new customer 
information independently if some of the CNs are already known by team 
members. Further, detailed CN statements, often described with abstract 
language, are the main customer information source to define the set of relevant 

DRs and associated target. Thus, the process of translating CNs into DRs is 
imprecise, as it often relies on the designer’s understanding of CNs. In addition, 
designers’ awareness of target population is often not assessed, which can lead to 
assumptions during target setting and more iterations during concept 
development due to a lack of customer-focus. Hence, the following two factors 
are considered of importance to improve the quality of target setting decisions:  

· Designer’s awareness of target population (key factor 1) 

· Knowledge of CS sensitivity to changes in DR levels (key factor 2) 

Further, the as-is target setting methodology considers surveys as the main 
customer data source to derive the set of CNs and to make strategic decisions on 
product targets. Surveys are costly and time consuming while only encompassing 

a small part of the population. Website and sensor data should be explored as a 
means to gain customer information relevant to target setting. Website data 
encompasses customer information from different website types such as e-
commerce, social networking, etc. Hence, a factor of interest to explore is: 

· Customer information relevant to target setting extracted from other 
sources such as websites and sensor (key factor 3) 
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4.2  Link between success factor and key factors 
The links between the success and key factors are derived by following the 

guidelines presented in Blessing and Chakrabarti (2009), which resulted in the 
links presented in Figure 13. The empty boxes indicate that other factors, which 
are out of scope for the presented thesis, also relate to the success factors. The 
symbols ‘+’ and ‘-‘ indicate the positive or negative link relation between two 
factors. ‘0’ is used when an increase/decrease of a related factor results in no 
change for the other factor. 

Link 2Link 1

Success factor

(based on doctoral thesis purpose)

Measurable success factor

(based on doctoral thesis timeframe)

Key factors 

1, 2 & 3

+

+

+

+

+

+

+

+

+

+

+

+

[A][A]

-

+

Link 3

0/-

+

[A]

Product 

development 

time

CS sensitivity to 

changes in DRs
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of target population
1 2

Use of customer infromation 

from other sources such as 

website and sensor

3

Competitive and 

customer-focused product

Quality of target 

setting decisions

Company sales and profit

 

Figure 13. Link between key and success factors 

Figure 13 indicates that the quality of target setting decisions increases if there is 
an increase in the designer’s awareness of target population and knowledge on 
CS sensitivity to changes in DRs (see key factors 1 and 2). Further, based on the 
understanding of the as-is target setting, the key factor 3 is assumed ([A]) to have 
a positive effect on both key factors 1 and 2 (see Link 1 and Link 2 in Figure 13). 

Note that the link relation between the measurable success factor and the key 
factors 1 and 2 is not considered an assumption, because a range of studies have 
identified such as key factors affecting the quality of target setting decisions.  

In addition, while the focus is on Link 1 and Link 2 and its relation to the 

measurable success factor, it is important to assure that when the key factors have 
a positive effect on “quality of target setting decisions”, they do not generate a 
negative effect on “time to set targets” (see dashed links in Figure 13). This is of 
importance when developing competitive products in dynamic environments. 
The interest is thus to reach a high quality of target setting decisions but without 
compromising “product development time” (see Link 3 in Figure 13).  
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Therefore, the research presented in this doctoral thesis aims to explore the 

assumed links (named Link 1, Link 2 and Link 3 in Figure 13) as a means to 
improve the actual as-is target setting methodology. Hence, these are considered 
the central part during support development. The evaluation of the developed 
support will identify if the assumed link relations occur or further analysis needs 
to be explored.   
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5. Customer-focused data–driven target setting  
This chapter presents an overview of the developed support encompassing the PS results of Papers A-E and 
describes the new parts in comparison to the as-is target setting.  

The presented customer-focused data-driven target setting methodology (see 
Figure 14) modifies the as-is target setting methodology at the step-level (see 
shadowed boxes), the process-level (Steps 6 and 7 are added), the customer 
information-level (see bold text in the IN arrows), as well as the ability to 
constantly identify new information missing in the process (see OUT arrows). 
The support independently developed in Papers A-E is mapped to the 

corresponding step in order to guide the reader (see Figure 14). Note that Step 2, 
Step 5 and Step 8 have not been explored in the research presented in this thesis 
and are therefore assumed to have been developed as explained in the as-is 
situation.  
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Figure 14. Customer-focused data-driven target setting methodology 

Process overview 

Given a business opportunity, the customer-focused data-driven target setting 
methodology takes text data from websites (e.g., product reviews), open-surveys, 
etc. to autonomously validate already known CNs and hence incentivize team 
members to focus on the set of information containing new CNs (Step 1).  

Given the CN statements, the designers’ CN understanding is assessed in order to 
provide a more detailed definition of the CN, referred to in this doctoral thesis as 
measurable CN (Step 3). Measurable CNs will allow the identification of DRs. 
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Step 3 is iterative, as new information may need to be gathered in order to 

increase the designers’ CN understanding before proceeding to the next step. 
Further, an increase in CN understanding might require an update of the derived 
CNs priorities (see bi-directional arrow between Step 2 and Step 3).  

Available information about comparable products available on the market (in 

relation to the given mission statement) is used in Step 4 and Step 5. That is, 
given the set of DRs, Step 4 aims to model CS sensitivity to changes in DR 
levels based on how customers use comparable products (sensor data) and 
customer opinions (surveys, product reviews, etc.). In addition, a Target 
Fulfilment (TF) indicator is presented with the aim to validate designers’ 
decisions on product targets based on customer information from company’s 

comparable products (Step 6). To do so, product usage data from sensors is taken 
as a basis. This step will allow assessment of unpredicted product usage and hence 
may lead to the need to pose new questions to gain customer understanding.  

Lastly, Step 7 allows companies to automatically identify Kano categories of 

product features launched in the market by competitors. This results in a target 
setting (Step 8) where not only the market information and competitor 
information is considered, but also information about the company product users. 
The rest of this section describes in detail how each of the shadowed steps in 
Figure 14 is deployed. 

5.1 Validation and identification of customer needs 
A mission statement describes a chosen project opportunity which often concerns 
a newly sensed need, newly discovered technology or a rough match between 
the product and a need. That is, identified opportunities may refer to large 
improvements, extensions, variants and cost reductions of existing products for 
existing/unknown markets and/or technology (Ulrich & Eppinger, 2012).  

Independently of what opportunity is chosen from above, the mission statement 
is derived after a set of customer research studies are deployed, such as consumer 
ethnography, focus groups, lead users, media and marketing activities of 
competitors as well as trend analysis to capture changes in technology, 
demography, social norms, etc. (Ulrich & Eppinger, 2012). Hence, given a 

mission statement, a set of discovered needs is provided and should be taken as a 
basis in Step 1 to enhance teams’ customer understanding and to derive CN 
statements. The set of discovered needs is referred to henceforth in this section as 
known CNs.  

Given a set of known CNs, the aim is to validate company’s understanding of the 
CNs as well as to identify new CNs related to the identified opportunity. 
Validating the team’s understanding of the known CN means that the 
corresponding CNs statements are aligned with the actual VoC. The intention is 
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to derive CN definitions that are more specific and related to the designers’ 

language, so that the CNs can be measurable.  

Measurable CN definition 
Consider the CN statement “Robust acceleration” relates to a given 
target market for the development of electric vehicles. Note that unless 

designers understand what customers mean by “robust”, such a CN can 
be translated into different metrics (or DRs). Hence, measurable CN 
definitions strive to identify the factors that make customers sensitive to 
the fulfilment of the CN. For the given case, a measurable CN could 
be “number of consequent accelerations within 1 min”. Note that the 
concept of “measurable CN” differs from DRs, such that measurable 

CNs refer to those aspects that customers are sensitive to in relation to 
the CN, while DRs is what the product has to do in order to address 
such aspects. 

Text data coming from product reviews (forums, e-commerce websites, etc.), 
open survey answers, etc. is taken as a basis. If product reviews (text data) 
extracted from websites are considered, the team should also ensure that such is 
relevant to the context (i.e., right market, right product, time of the comment, 

etc.). The set of text data is arranged in sentences and is pre-processed for 
analysis. A classification method is used to automatically classify sentences as 
referring to known CNs or instead containing unknown customer information. 
This allows team members to invest their time and resources to analyse unknown 
potentially valuable customer information while validating what it is already 
known. The classification method takes as a basis a set of CN tuples, each 

representing a known CN.  

CN tuple 
A CN tuple example is illustrated in Figure 15. The CN tuples are 
formed by solution-related expressions (see wA in Figure 15), CN-

related expressions (see wB in Figure 15) and wA and wB combinations 
(see A, B and M in Figure 15). For those PD projects relating to 
product improvements, extensions and variants, the VoC may express 
the known CNs using expressions related to actual product solutions. 
Hence, wA expressions refer to existing DRs or DPs of existing 
products that relate to the known CN. Instead, wB expressions are 

linked to customer feelings and experiences. The list of wA and wB 
expressions form the company understanding of the known CN (see 
Figure 15). Further, possible combinations of wA and wB representing 
the CN are set with a “1” in matrix M. Similarly, wA and wB 
expressions that refer to the CN if mentioned alone in the sentence 
correspond to a “1” in the vector A or B, respectively. The expression 

combinations stored in the matrix A, B and M are referred as CN 
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patterns, since they are possible ways to express the same CN. Note 

that the provided example in Figure 15 relates to a known CN in the 
automotive industry: “Air quality in the cabin”. Since it relates to a CN 
of an existing product, wA expressions could be defined. Instead, if the 
PD project would be related to a disruptive innovation, then wA 
expressions, which relate to solution-related words, would most likely 
be empty. 

 

Figure 15. Representing company knowledge with a CN tuple 

Based on the information on the CN tuple, the classification method considers a 

customer sentence as referring to the known CNs if it mentions or shares high 
similarity to any of the possible combinations of wA and/or wB for that 
particular CN tuple. The reader is referred to Paper A for a detail explanation on 
how similarity between expressions is calculated. 

Customer sentences can share high similarity with expressions from different CN 
tuples. Thus it is possible to identify if a sentence refers to more than one CN. 
Lastly, the set of sentence expressions that are similar to the combinations of wA 
and wB will be added to the corresponding wA or wB list, thus updating the 
range of words used to derive the known CN statements. This will enhance team 
members’ understanding of the CNs and help to track CN patterns that are most 

frequently mentioned.  The proposed classification method can also be used by 
team members to check if a “guessed” CN is mentioned in the set of text data in 
the analysis. 
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5.2 Understanding of CNs 
Given the set of CN statements and their corresponding measurable CN 

definition, a tool to support designers’ understanding of CNs during the 
translation to DRs is used in Step 3. The developed tool draws inspiration from 
the p-diagram which is adapted to be used at early stages of the design process. 
The idea behind the modified p-diagram is (a) to ensure a less subjective 
translation process from CN statements into DRs and (b) to make designers 
aware of the uncontrollable factors (in this case inherent to the customer) that 

might lead to variations in fulfilment for the established DR. A screenshot of the 
tool, which was developed using Microsoft Excel 2013, is shown in Figure 16.  

 

Figure 16. Adapted p-diagram tool (screenshot) 

The tool considers the product to be developed as a system that has as a 
requirement the fulfilment of the CN in order for the product to be successful in 
the market. The modified p-diagram guides designers in the translation process to 

DRs by considering that the fulfilment of measurable CNs is achieved by 
deriving the adequate DRs and the corresponding targets which can be 
established when noise factors are identified. During target setting, noise factors 
correspond to customer environment factors representing the environmental 
conditions in which the customer is using the product and customer usage factors 
representing customers’ way of using the product. If noise factors are unknown 

by team members, designers might set product targets that deviate from what the 
actual market needs. Hence, with low knowledge about the noise factors follows 
more subjective translation to DRs and in turn their associated targets.  

The example of potential noise factors for the CN statement “Robust 

acceleration” is shown in Figure 16. The identification of noise factors allows 
designers to identify required measurement tasks to gain customer understanding 
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on which noise factors inherent to the customers may result in variations in the 

CN fulfilment. Due to the nature of the noise factors, information from sensor 
data is mainly required. Once information about how customers use the product 
is identified, survey questions may be sent in order to understand certain 
customer product usage behaviours and, in turn, gain customer insights.  

In addition, since trade-offs are of importance in target setting, designers need to 
have a good understanding of the relative CNs importance. The Analytical 
Hierarchy Process (Saaty, 1987) is considered for this purpose. The AHP tool 
enables designers to do pairwise comparisons between the set of CN statements 
identified in Step 1 and given the CNs priority from Step 2. Guessed pairwise 
comparisons are indicators of a lack of designers’ CN understanding and are 

hence the starting point for developing new survey questions (See OUT arrow in 
Figure 14).  

5.3 Customer satisfaction sensitivity indicator 
To predict CS sensitivity to changes in DR levels, the measurable CN is used in 
Step 4 as the interface between designer’s decisions on product targets (i.e. 

product performance) and perceived product quality (i.e. CS). By combining 
customer data from different sources, it is possible to estimate CS considering 
customer environment and way of using the product. This concept is illustrated 
in Figure 17. 
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Figure 17. Customer satisfaction sensitivity (overall idea) 

Product performance to measurable CN (PART I in Figure 17) 
The measurable CN fulfilment distribution is obtained from product 
performance in customer environment and way of using the product which is in 
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turn the result of a set of DRs and DPs values (see 1 in Figure 17). Hence, in 

order to predict product performance, the set of DP affecting the DR targets 
needs to be established. Usage data from comparable products can be used in 
order to estimate product performance before concept generation (see (a) in 
Figure 17). In case of radical PD where usage data of comparable products is not 
available, product performance data generated from lab tests or technical models 
can also be used for predicting product performance, although in such case a set 

of concepts might have to be generated beforehand (see (b) in Figure 17).  

Measurable CN to CS (PART II in Figure 17) 
The obtained measurable CN fulfilments are translated into CS given the 
customers’ perceived product-quality function (see 2 in Figure 17), which relates 

different levels of measurable CN fulfilment to CS levels. These functions are 
possible to obtain through different sources, such as surveys in which customers 
are asked how a set of different levels of the measurable CN contribute to their 
satisfaction. Once CS for the given CN fulfilment is obtained, DR targets may be 
updated (see 3 in Figure 17). The process stops when CS is high and has low 
variation within a customer group or across all customer groups.  

The example in Figure 17 illustrates two different CN fulfilment distributions for 
the same set of target values (see Group A and Group B). That is, product 
performance results in different CN fulfilment distributions as differences on 
customer’s environment and customer’s way of using the product exist among 
both groups. According to the example, product performance corresponding to 

customer group A results in lower CN fulfilment variation than in customer 
group B (see 1 in Figure 17). However, the former results in higher CS 
sensitivity. Hence, design effort should not be placed on reducing variation on 
the product performance of customer group B, as it would not result in an 
improvement in CS levels (see 2 in Figure 17). Instead, DR targets may have to 
be updated for group A (see 3 in Figure 17).  

5.4 Target Fulfilment indicator  
The Target Fulfilment (TF) indicator aims to identify the set of DR targets that 
varies most in the customer environment. The aim is therefore to reveal to 
design engineers, before product target setting, how big the difference was 
between the expected product usage and the customer target fulfilment of 

comparable launched products. 

Given a DR, the TF indicator is calculated based on the difference between (a) 
the designers’ expected TF function and (b) the actual TF function based on 
product usage data. Designers’ expected TF function is formed by the ideal target 

value and the marginally acceptable target value. Instead, the actual DR target 
fulfilment is calculated based on product usage data. The reader is referred to 
Paper D for details about the TF function.  
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An example of designers’ and customers’ TF functions is illustrated by the 

continuous and dashed curve lines in Figure 18, respectively. The ideal target 
value and the marginally acceptable target value set by design engineers are 
indicated as (1) and (2) in the x axis of Figure 18. The example indicates that 
there is a clear difference between designers’ assumptions regarding customer-
product interaction in the customer environment and the real customer way of 
using the product. Customer-product interaction refers to the way customers use 

the product.  

 
Figure 18. Customer’s and designers’ target fulfilment function (Example) 

In other words, the example indicates that there exist deviations between what 
the designer expected and how the product is actually used. These deviations 
may indicate that the product targets are set based on designer assumptions or 

that customers use the product in different ways than designers intended. Surveys 
or other customer research techniques are of importance to identify the reasons 
for such deviations. By comparing customers’ TF functions it is also possible to 
identify which product functions are equally fulfilled and which ones may require 
customization.  

5.5  Kano indicator 
The Kano indicator aims to autonomously classify product features mentioned in 
text data such as product reviews (extracted from websites) into must-be, one-
dimensional and attractive Kano-categories.  

Aspect-based Sentiment Analysis (SA) is used to extract the set of DRs (referred 
to as aspects) from text data. Consequently, the ith extracted aspect (Ai) is 
automatically assigned to the must-be, one-dimensional or attractive Kano 
indicator based on three parameters. These are: Product Brand Dominance 

(PBDi), Positive and Negative Opinion (Oi
+,Oi

−) and Aspect Frequency (AFi). 

PBDi refers to the proportion of product brand groups (i.e., competitors) whose 

product reviews mention the Ai. Note that attractive product features are 
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launched by few company brands and hence attractive Ai will be mentioned by 

customers referring to few, any, product brands. The same reasoning applies to 
must-be product features. That is, must-be Ai will most likely not be mentioned 
in customer comments of different product brands. Instead, they will be 
mentioned if a specific product brand does not fulfil such.  

The difference between both attractive and must-be Ai will be the proportion of 

times that Ai has been positively (Oi
+) or negatively (Oi

−) mentioned. That is, 

attractive Ai will be mainly linked with positive comments and must-be Ai will 

be mostly linked with negative ones (see ‘a’ and ‘m’ circle in Figure 19). Instead, 
DRs related to one-dimensional are covered by most of the product brands in 
the market, as they are features that are required to maintain competitive 
advantage in the market. Hence, the PBDi associated with one-dimensional Ai 
will be high (see ‘o’ circle in Figure 19). With the same reasoning, the 
proportion of user reviews mentioning one-dimensional Ai independently of the 

product brand that they refer to (AFi) will in general be greater than for must-be 
or attractive Ai (see Figure 19). 

 

Figure 19. Proposed Kano categorization 

Figure 19 also indicates that changes in Ai categories may also be captured if 
historical data is available. That is, an attractive Ai may first generate positive 

sentiment among those users that experience it. However, once most of the 
product brands adopt it, such a feature becomes one-dimensional, since users 
expect it to be implemented in the product and in turn will talk about it in their 
reviews (from ‘a’ to ‘o’ in Figure 19). Once the product feature becomes a must, 
customers stop talking about it, since they expect such a feature to be 
implemented in the product (from ‘o’ to ‘m’ in Figure 19). This highlights the 
importance of available historical data to identify whether an Ai is moving from 

‘a’ to ‘o’ (i.e., b1 in Figure 19) or from ‘o’ to ‘m’ (i.e., b2 in Figure 19). 
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5.6  Customer information gathering prioritization 
During the execution of Step 1 to Step 8, missing customer information relevant 

to the target setting will be identified (indicated with an OUT arrow in Figure 
14). Customer information may be gathered from different sources such as 
surveys, websites, sensor data, etc. Hence, it is important to prioritize the 
different required customer information to gather.  

Decision support system (Paper C) 
A decision support system is provided for the prioritization of customer 
information sources5. Market trends, competitors and customer are the three 
main criteria considered, which are weighted by cross-functional team members 
as more or less important depending on the given mission statement.   

· Market trends (criterion 1) relates to the company environment, such as 

technological trends and government incentives. 

· Competitors (criterion 2) relates to benchmarking techniques that allow 

companies to identify how the competitors are distributed in the market. 

· Customer (criterion 3) relates to the available information regarding CNs 
on the intended market for product launch.  

Given the weight of criteria 1-3, the AHP tool is used to prioritize the available 
customer information. To do so, the set of customer information sources are 
pairwise compared for each criterion and the resulting normalized hierarchy is 
multiplied by the given weight of criteria 1-3. The focus of the resulting 
hierarchy is to provide an indication as to what sources are more relevant for 
gathering customer information for the given mission statement. Given the 

hierarchy of customer information sources, it is possible to estimate the Risk (R) 
of setting targets lacking relevant customer information as shown in Eq. (7) 

 R = 1 − ∑ ow𝑖

i

∙ OPi (7) 

where owi corresponds to the prioritization of the ith customer information 

source, while OPi is a decision variable that =1 if information from the ith 
customer information source is available. Thus, if data from the ith source does 
not exist then OPs=0. If all the required data is available, OPi=1. Instead, OPi 
will range between 0 and 1 if some of the required customer data is available. 
Note that a higher amount of information does not mean that OPi will 
proportionally increase, as the most relevant information can still be missing in 
the process. 

 

 

                                      
5 Understood as the place, person or object from which customer data is originated or can be obtained. 
Sensor, social media, surveys, websites, interviews and dealer conversations are few examples of 
customer information sources. 
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Customer-focus assessment model (Paper B) 

A customer-focus assessment model is presented in Paper B to assess how 
uncertain the understanding of the set of given CNs is, given the available 
customer information used in the p-diagram. The customer-focus assessment 
model will also indicate to team members if new customer information is 
required to be gathered. The customer-focus assessment model considers that 
correct understanding of the population is important (referred as relevancy). 

However, products will not be competitive unless they also balance CNs 
correctly (referred as accuracy). The customer-focus assessment model is 
presented in Figure 20.  

 
Figure 20. Risk of deviating from customer-focus 

Relevancy metric (α) aims to represent the extent to which available customer 

information allows design engineers to design the right product given the mission 
statement. Given the proportion of available customer data identified in the p-
diagram, relevancy is calculated based on the context level importance and 
newness degree. 

Context level and newness degree 

· The context level refers to the type of information obtained, i.e., 
from target/other market and competitor/company product. Based 
on the given mission statement, the company needs to decide how 

important each context level is regarding the population they are 
designing the product for.  

· The newness degree indicates how old the retrieved customer 
information is. Note that the older the data is, the less representative 
of the population it becomes. Further, the newness degree may be 
different, depending on the context level. 

Accuracy metric (β) aims to represent the extent to which available customer 

information allows design engineers to know how to balance different product 
features in a way that best fulfils CNs. This relates thus to the understanding of 
CNs prioritization. Accuracy is calculated as the proportion of non-guessed 
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pairwise comparisons. Thus, a higher amount of guessed pairwise comparison 

results in lower accuracy of available customer information.  

By mapping actual customer information available in the company database into 
relevancy and accuracy metrics, the customer-focus assessment model predicts the 
risk of designers deviating from the real customer-focus. As shown in Figure 20, 

the risk is calculated considering the furthest distance between the scenario where 
all customer information identified as relevant to the target setting is available (i.e. 

α=β=1) and the available customer information in the company’s database.  
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6. Methodology evaluation 
This chapter presents the methodology evaluation which is discussed in terms of the extent to which the key 
factors address the measurable success criteria.  

The customer-focused data-driven methodology is evaluated by identifying 
whether the developed support has the desired effects, previously established by 
the link between the key factors and the success criteria (see Link 1, Link 2 and 
Link 3 in Figure 13). The set of DS-II carried out in Papers A-E are taken as a 
basis.  

The three first sections in this chapter present the three case studies covering 
different steps of the proposed customer-focused data-driven target setting 
methodology. The steps associated with each case study are indicated in Figure 
21. Note that the IN arrows indicate the set of customer information used in 
each step in focus. OUT arrows are not illustrated to enhance readability. The 

last section discusses the generalizability of the results.  
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Figure 21. Steps addressed in case studies 1 to 3 

6.1 Case Study 1: Car climate system 
Case study 1 concerns a car manufacturer that aims to improve the climate 
comfort system of a car. Some of the already known CN statements related to 
the car climate system are:  

· CN1: Control comfort of cabin temperature 

· CN2: Heat cabin quickly 

· CN3: Cool cabin quickly 

· CN4: Efficiently remove misting 

· CN5: Efficiently remove ice 

· CN6: Low noise levels  
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· CN7: Keep humidity at acceptable levels  

· CN8: Air quality in the car cabin 

· CN9: Seat heating 

· CN10: Ventilated seats  

· CN11: Steering wheel heater 

· CN12: Touch screen panel control  

Step 1: Validation and identification of customer needs 

CN8 is considered as the only known CN. The defined CN tuple related to CN8 

has been previously presented in Figure 15. Results show that the methodology 
has automatically updated the CN tuple related to CN8 with 3 and 2 new wA 
and wB expressions, respectively (see shadowed rows in Figure 22). In addition, 
sentences classified as UNKNOWN are reviewed by team members, leading to 

the identification of 2 and 8 new wA and wB expressions, respectively (see non-
shadowed rows in Figure 22). Results highlight that the developed support in 
Step 1 can autonomously identify a range of words describing a known CN. This 
will allow a more accurate CN statement definition which in turn will increase 
the designer’s CN understanding (see Link 1 in Figure 13). Since team members 
do not need to manually interpret all customer raw data and rather only the set of 
data classified as unknown, the process does not compromise PD time (see Link 3 

in Figure 13). 

 
Figure 22. New expressions representing CN8 

Step 4: Customer satisfaction sensitivity  
The decided measurable CN definition for CN1 corresponds to “time (min) to 
reach the desired temperature in the cabin at the beginning of the trip”. The 

input data to model CS sensitivity is indicated in the IN arrow in Figure 21. 
Based on the measurable CN1 definition, CS sensitivity is derived considering 
product performance of a comparable launched car (scenario 1) and a plug-in 
hybrid car (scenario 2), both driven in Sweden (see Figure 23). The constraint of 
the project is that a climate system for cars with an average cabin temperature of 
-12oC at the beginning of the trip must be developed.  
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Results show that product usage from scenario 1 (customer group A), leads to CS 

of 80%, while for scenario 2 (i.e., customer group B), CS drops to 60% 
approximately in average. Results indicate that plug-in hybrid cars are not 
adequate for that type of market. Although these results are based on simple 
models, they indicate the potential of using different types of customer data to 
model CS sensitivity (see Link 2 in Figure 13). In addition, available customer 
information from previous launched products is considered; hence, it does not 

indicate an increase in PD time (see Link 3 in Figure 13). 

 

Figure 23. CS sensitivity for measurable CN1 definition 

Customer information gathering prioritization  
The importance of possible customer data sources (i.e., sensor data and surveys of 

company/competitor products in target/other market) are considered to calculate 
the risk of setting targets based on subjective CS sensitivity models. The customer 
information source hierarchy is derived based on the pairwise comparisons 
defined by cross-functional team members of the car manufacturing industry. For 
the given illustrative example, results show that when no product usage is 
available, the risk is 45% for the given business opportunity. Instead, if product 

usage is available, risk drops to 28%. Risk results can be seen as an indicator for 
designers to identify when their decisions are based on data rather than subjective 
ideas. Thus, the risk indicator promotes the gathering of relevant customer data 
to gain insights on target population (see Link 2 in Figure 13). 

Step 6: Target Fulfilment indicator  
Seven DRs related to the car climate system are considered. Mean TF and 
variance are illustrated in Table 3. TF of 10 corresponds to 100% of fulfilment. If 
DR6 is analysed in more detail one can see that different customer profiles can be 
identified (see Figure 24). That is, there is a group that most of the time uses the 
manual fan, others that almost never use it and those that switch between manual 

and auto fan (maybe two drivers?). This classification could in fact be considered 
as a starting point to analyse groups of customers and to set targets accordingly. 

 

CS Temp at start [oC] 
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Table 3.Target Fulfilment indicator for car climate system DRs 

 SWE USA UK 

 TF̅̅̅̅  σ TF̅̅̅̅  σ TF̅̅̅̅  σ 
DR1 (stable cabin temperature) 4.53 0.56 4.65 0.59 3.31 1.42 

DR2 (Cooling/heating time) 7.72 0.97 9.63 0.26 9.67 0.30 

DR3 (driving time with set temperature) 8.39 0.75 3.98 0.77 4.19 1.49 

DR4 (AUTO function ON) 9.03 1.17 8.53 1.30 5.56 3.77 

DR5 (Air conditioning ON) 9.87 0.10 6.97 4.69 5.47 4.05 

DR6 (Manual fan, operating time) 6.31 4.00 8.07 1.35 5.46 3.83 

DR7 (Defroster) 10. 00 0.00 9.32 0.55 7.11 3.58 

   
Figure 24. Manual fan distribution 

Survey questions are designed to understand such changes. Survey answers from 
15 customers regarding the set of identified DRs are considered for analysis. 
Some of the customer answers revealed clear reasons for using the manual fan: 
“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”.  

The case study shows that TF indicator in combination with surveys allows 

designers to validate their design decisions and identify which targets are not 
fulfilled. This in turn increases the designer’s awareness of target population and 
supports the target setting for the development of comparable products (see Link 
1 in Figure 13).  

6.2 Case Study 2: Electric Vehicle  
Case study 2 concerns a car manufacturer that is developing an electric vehicle. 
Hence, the balancing of electric consumers is of high interest. The Swedish 
market is in focus. The CNs identified previous to the execution of Step 3 are: 

· CN1: Long electric range 

· CN2: High speed 

· CN3: Fast acceleration 

· CN4: Robust acceleration 

· CN5: Climate comfort 

· CN6: Long battery lifetime 

· CN7: Fast charging 
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Step 3: Understanding of CNs 

The cross-functional team (formed with members from battery, climate, driving 
experience, as well as marketing departments) was responsible for designing a 
survey before and after the execution of Step 3. Comparisons showed that 52% 
of the initial survey questions that the team identified as valuable were changed, 
as they were found to be not relevant to the target setting. In addition, results 
from the new survey reduced the guessed CNs pairwise comparisons from 32% 

to 7%. Results from the p-diagram show that around 50% of the identified 
measuring tasks are needed by the team to understand CN6, while less than 10% 
are needed for CN7. These numbers allow team members to identify which CN 
definitions require more information than others in order to identify which DRs 
will fulfil the CNs. Results point out that the p-diagram and pairwise 
comparisons carried out in the AHP enhance link 1, as shown in Figure 13. 

6.3 Case Study 3: Smartphones 
Case Study 3 is related to the development of a new smartphone. The focus is on 
identifying product features that customers value most, such that designers can 
identify which future smartphone developments are of interest when establishing 
DRs and setting targets.  

 

Figure 25. Kano categories for products in 2012, 2014 and 2016 

Step 7: Kano indicator  
A set of extracted aspects from the input text data is classified into Kano 

categories as shown in Figure 25, which  shows that users of smartphones from 
2012, 2014 and 2016 expect product features such as the camera (A2), battery 
(A3, A14) and screen (A6), which are automatically classified as one-dimensional. 

Instead, A43 is only mentioned in user reviews of iPhone 7 and is automatically 

classified as must-be (M). Some of the user reviews mentioning A43 are: “The lack 
of a headphone jack is, while not necessarily a deal-breaker, a great inconvenience as I now 
have to use a dongle to charge my phone while I listen to music or podcasts on my commute 
and on trips”. This indicates that customers in 2016-2017 require the headphone 
jack in the smartphone (must-be) and, if it is lacking, they are dissatisfied.  
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Lastly, A41 is classified as attractive by the proposed methodology. In this case, A41 

is mentioned across the different product releases and relates to the property of 
the phone of being water resistant. Some of the user reviews mentioning A41 are: 
“it’s dust and water resistant, which is good for my active life style”. Note that while 
still being mentioned by one customer group, it is more frequently mentioned in 
user reviews of the last product. This trend could indicate that water-resistant 
smartphones would more likely positively surprise customers if included in the 

next product generation. 

The results obtained in Step 7 indicate that text data enables classification of a set 
of DRs into Kano categories without the need to design Kano surveys. This will 
allow designers to gain customer understanding without compromising PD time 

(see Link 1 and Link 3 in Figure 21 ). 

6.4  Generalization 
According to Polit and Beck (2010), generalizability is “an act of reasoning that 
involves drawing broad conclusions from particular instances; that is, making an inference 
about the unobserved based on the observed”. Case studies 1-3 considered different 

business opportunities from different products as a means to illustrate that the 
methodology can support the target setting process for different products.  

Results highlight the potential for application in a complex real-world context, 
since large amounts of customer data are generated and stored in many 

companies. The proposed methodology is suitable for the development of 
complex products which are equipped with sensors and whose customer opinions 
and product reviews can be found at the internet. The methodology requires 
usage data from comparable products or lab tests in order to derive the TF and 
CS sensitivity indicators. Companies able to track product usage will benefit 
more from the proposed methodology. In the context of business-to-customer 
scenarios, this applies to a broad range of industries such as manufacturing, 

durable consumer goods, etc. 

The proposed methodology is not restricted to the availability of customer data 
in websites. This is shown in case study 1, where Step 1 is deployed considering a 
set of open-survey answers as input. Although out of scope, this highlights that 

the proposed methodology could be used in a business-to-business situation were 
reviews of end products are not in focus. Although a deeper investigation is 
required, this situation might not change the methodology procedure, which 
instead will use usage data of the product operating in the partner’s company 
environment and where CNs will instead become the business needs of the 
company partner. Lastly, in a business-to-business scenario CS sensitivity 

indicator may be related to productivity sensitivity, performance sensitivity, or 
the variable Y that makes such business-to-business scenario occur.  
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Further, the proposed methodology could be also used during Product Planning, 

where new product opportunities are identified and the mission statement is 
defined. That is, the use of different customer information sources (e.g., product 
usage data and text data) may result in new customer information that validates 
updates or identifies a new business opportunity. 
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7. Discussion 
This chapter discusses the results presented in this thesis from a methodology perspective and answers the 
RQs. 

The target setting process is formed by multiple and cross-multidisciplinary 
decisions, i.e., when deriving the CN statements, establishing CN importance, 
making DR trade-offs, etc. The proposed customer-focused data-driven target 
setting methodology changes the as-is target setting methodology by improving 
the process of acquisition of knowledge regarding the customer (e.g., needs and 
product usage). This leads to a higher consensus within the organization 

regarding what the CNs are and a more objective basis for decision-making 
when prioritising product quality improvements in terms of target setting.  

When comparing the as-is target setting and the proposed customer-focused 
data-driven target setting methodology, two main blocks of change are identified. 

These are the use of indicators and autonomous activities and a more integrated 
PD. To enhance readability as-is and to-be scenarios are used when referring to 
Figure 12 and Figure 14, respectively. 

7.1  Indicators and autonomous activities 
Step 1 in the as-is scenario requires of manual work to interpret the raw data in 

terms of CNs. Instead, in the to-be scenario, an autonomous methodology able 
to group sentences as referring to a known or unknown CN (or CN statement) is 
provided. This allows the validation of known CNs and incentivizes team 
members to focus on the set of data classified as unknown.  

Step 3 in the as-is scenario regards derivation of the DR which depends on the 
team’s understanding of the set of obtained CNs. Instead, in the to-be scenario, 
the process of translating CNs into DRs is supported by a template (p-diagram) 
that allows designers and marketers to identify missing customer information that 
can enhance designers’ CN understanding. This makes the process less imprecise, 
as it requires design engineers to identify customer data relevant to target setting 
for a given CN.  

The product target setting activity in the as-is scenario relies on estimations of CS 
sensitivity derived from traditional HoQ relationship modelling and/or Kano 
survey input data. Instead, in the to-be scenario, indicators (CS sensitivity, TF 
and Kano) are proposed with the aim to enhance designers’ awareness of target 

population. By means of the proposed indicators, the process of setting targets is 
carried out with competitors’ (Kano indicator) but also company product users’ 
(CS sensitivity and TF indicator) information. As a result, the target setting 
process switches from a more subjective and experience-based towards a 
customer-focused data-based decision-making. 
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Changes in CNs and ways of using comparable products become more visible, 

since the validation of CNs is an autonomous process (Step 1 in the to-be 
scenario). This makes the process of setting targets more reactive to market 
changes, thus making it more flexible. This can also lead to a potential drop in 
time and in turn cost, compared to the as-is target setting. 

Potential drop in time and cost 
The use of indicators and automated activities highlights the potential for time 
reduction during decision-making, as the focus is on data-based decision-making 
rather than on subjective evaluations.  

The proposed methodology utilizes learning from customers’ experience and 
how they use a product. Hence, the focus is on designing for the correct 
customer environment and usage. This highlights the potential for cost reduction 
as designers’ focus will be placed on those DRs that contribute most to CS.  

In addition, the final set of targets may require fewer changes in the concept to 
be developed, as indicators (TF, CS sensitivity, etc.) allow designers to validate 
targets, i.e., to identify how much they deviate from the customer picture and in 
turn strive for new customer information before final target setting. 

One may argue that the proposed methodology might be time costly if company 

databases lack customer data. The focus is placed on supplementing the database 
with new information through a continuous customer information gathering 
strategy that complements what is already known by team members. Ultimately, 
this may reduce the time designers spend on searching for usable information to 
set targets, since they can focus on the relevant customer data for effective 
decision-making.  

7.2  Integrated product development  
The proposed methodology changes the traditional way of setting targets where 
customer information is often sent from marketing departments to designers, 
assuming that such information is understood from the designer’s perspective. 
Instead, the proposed methodology supports a more integrated PD, as marketing 

and designers need to work closely during early stages of concept development. 
Templates such as the p-diagram are used as an interface for communication 
between both marketing and design departments.  

Increased knowledge about customers 

Integration of marketing and design PD functions allows the identification of 
customer information relevant to target setting. This in turn opens an 
opportunity to create effective customer information gathering strategy and 
database creation.  

Customer data from different sources are used in the proposed methodology. By 
combining different types of customer data during the target setting phase, 
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sensitive customer information can be identified. 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 important to take into account the customer’s incentive to agree to the 
type of study proposed in this work.  

7.3  Answering the research questions 
RQ1. How could companies improve the process of customer information acquisition 
relevant to the target setting? 

 The decision support method based on the AHP tool is proposed to 
prioritize customer information sources for a given business opportunity. In 

turn, the risk indicator, which is based on the obtained hierarchy, reveals to 
the marketing and design departments which information sources are 
contributing most to risk, thus supporting the process of identifying relevant 
customer information to target setting.  

 
 The adapted p-diagram tool helps designers identify what customer 

information is relevant to enhance designer understanding of the given CN 
(given by the marketing departments). Hence, the tool can be used to store 
relevant customer information gathering tasks to each CN and visualize 
which of these already exist in the company database. This in turn 
incentivizes knowledge sharing between designers and marketing functions. 
By enhancing designer understanding of the given CN, team members are 

able to define CN in a more technical manner, referred as measurable CN. 
Hence, minimizing different interpretations for the same CN. 

 
 Measurable CNs are considered as the interface between DRs and CS. That 

is, by defining CNs at a measurable level and according to the VoC, 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 CNs 

indicate which usage data from customer products and what kind of 
customer information from surveys and questionnaires should be gathered 
together with website data. 

 
 The TF indicates the degree of difference between the expected customer-

product interaction (designer world) and the real customer-product 

interaction (customer world). Thus, reasons for why a DR has low TF must 
be identified before re-engineering a feature in the next product generation. 
Reasons might be that the product’s feature is not delivering what the 
customer needs or desires and thus is not fully utilized (wrong target value) 
or that such a feature is not intuitive, thus causing a low target fulfilment 
(feedback to the customer is needed).  New customer information gathering 

may arise with the aim to capture customer feelings and interpretations of 
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such specific features and to understand unexpected customer-product 

interaction. 

RQ2. How could companies use information from different customer data sources to support 
a more objective target setting process? 

 The CN identification and validation method reinforces company 
understanding about the CNs, as it allows companies to autonomously 
validate the existing CN statement definitions and update them if required, 
given a set of relevant text data. Results from the method highlight the 
potential in time savings, as it autonomously classifies a set of text data as 

referring to known or unknown CNs. In turn, the method incentivizes 
companies to spend effort on customer information containing unknown 
customer information.  

 
 The link of CS into DRs by means of product usage data and surveys allows 

representing the non-linearity of CS sensitivity to changes in DR levels. 

Further, different customers’ ways of using the product can be translated into 
CS. By providing this connection the gap between the customer (i.e., 
satisfaction) and designer language (i.e., DRs) is diminished.  

 
 Customer satisfaction is the language used by team members to validate their 

decisions regarding launched products (i.e., TF indicator) as well as to 
evaluate their decisions for future product target setting. Using a language 

that is understandable across all the levels of the company promotes 
knowledge-sharing and alignment of goals.  

 
 The autonomous Kano categorization of DRs allows companies to identify, 

given a set of text data, relevant product features for the design process 
without the need to design (Kano) surveys. The methodology will ultimately 

reduce the risk of missing some important questions, as with the proposed 
methodology the product features mentioned by customers are considered 
for analysis instead of the set of closed-survey Kano questions. 
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8. Conclusions 
This chapter presents the conclusions of the presented research based on the thesis purpose and objective. 

The customer-focus data-driven target setting methodology improves the quality 
of target setting decisions towards a more objective and customer-focused 

decision-making, as designers are able to validate product targets of comparable 
products, to predict the impact of new product targets on customer satisfaction 
and to identify changes in CN and customer’s way of using the product before 
target setting. The use of autonomous activities and indicators supporting the 
decision-making of product targets highlights the potential for time reduction. 
The use of TF and CS sensitivity indicators allows team members to identify 

potential areas for cost reduction or of improvement to increase CS for new 
target setting. In addition, the Kano classification allows companies to 
automatically identify Kano categories from text data.  

The proposed methodology strives for a continuous data gathering to enhance 

designers’ understanding of CN. Hence, the process is customer-focused and 
data-driven. This results in a methodology that improves the acquisition and 
utilization process of customer information relevant to target setting before 
concept generation. In turn, a higher consensus within the organization regarding 
the CNs is established. Customer data from different sources (sensor, website, 
surveys, etc.) is placed at the centre of the methodology; incentivizing integration 

of marketing and design departments. A template to support the translation 
process of CNs into DRs is used in order to enhance designer’s understanding of 
CNs. Lastly, the proposed methodology takes into consideration risk, which is an 
indicator of the company knowledge about the CNs. This allows a sustainable 
customer information gathering strategy that strives for missing customer 
information that is required for setting product targets. 
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9. Recommendations for future research  
This chapter presents recommendations for future research based on the customer-focused and data-driven 
target setting methodology.  

9.1 Customer information gathering prioritization 
The proposed customer-focused data-driven target setting methodology allows 
identification of customer information relevant to the target setting that is missing 
in the company database. That means that required information to be gathered 
may be in the form of responses to open and closed survey questions, 
measurement tasks or new search strings across the web or among a different set 
of websites, etc.  

A source prioritization methodology has been proposed as a means of guiding 
team members on what information source is of highest interest for obtaining 
customer information, given a mission statement.  However, as this methodology 
is iterative in nature, there will be a large set of customer measurement tasks6 

within each data source. Hence, it is of interest: 

· to develop a support that allows companies to prioritize individual 

customer information measurement tasks across the different customer data 
sources; 

· to explore how such customer data should be stored in the company 
database while meeting compliance with data protection laws such as the 
EU General Data Protection Regulation (GDPR) 2016/679; 

· to support the process of defining the customer measurement tasks such 
that the risk of gathering incorrect customer information is minimized. 
This highlights the integration of company members responsible for 
customer data analysis, survey design and big data pre-processing, as well as 

to effectively install car sensors that return the desired type of customer 
data. 

9.2 Customer satisfaction sensitivity modelling 
The proposed CS modelling considers the measurable CN definition as the 
interface between CS and DRs. Thus, it is of interest: 

· to explore data-driven ways to support the process of defining measurable 
CNs. The challenge is in the nature in which CNs are expressed by 

customers, in their own language and context. More research in this area is 
required and of importance for future PD.   

Further, while product performance can be supported by mathematical models 
based on product usage data, mathematical modelling of CS based on the 

                                      
6 Understood as a request for new customer information gathering for a specific customer data source, 
e.g., sensor measurement task, website search, etc. 
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perceived product quality is a challenge, as effective ways to combine different 

types of data (closed survey answers, customer reviews, etc.) are required. Hence, 
it is of interest  

· to assess customer data reliability from the set of customer data sources and 
to what extent such can be used during target setting;  

· to develop mathematical models that allow the modelling of CS based on 
different types of customer data. 

9.3  A data-driven concept development stage 
Product targets are usually modified due to geometry and manufacturing 
constraints. This suggests that the developed support 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 CS as a function of DRs 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 CS, 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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Abstract 
To develop highly competitive products, companies need to understand customer 
needs (CNs) by effectively gathering and analyzing customer raw data. With the 
advances in Information Technology, customer raw data comes not only from 
surveys and focus groups but also from social media and networking sites. Few 
studies have focused on developing algorithms that are devised exclusively to help 
to understand customer needs from big opinion data. Topic mining, aspect-based 
sentiment analysis (SA) and word embedding are some of the techniques adopted 
to identify CNs from text data. However, most of them do not consider the 
possibility that part of the customer data analyzed is already known by companies. 
This paper presents a methodology for automatically classifying a set of text data 
(customer sentences) as known or unknown CN statements with the aim to 
reinforce company understanding about CN as well as to identify new (and 
unknown) customer information. For verification purposes, an example regarding 
a set of customer answers from an open survey questionnaire regarding the climate 
system of a car is illustrated. Results indicate that the proposed methodology helps 
companies to separate known from unknown text data, but also to validate known 
CNs as well as to provide more customer-focused CN descriptions. 

Keywords: customer need, CN, classification, company knowledge, text data 

1. Introduction 
To develop highly competitive products, companies need to effectively gather 
customer raw data for identification of customer needs (CNs) which in turn are 
translated into product attributes. Traditionally, companies gather customer raw 
data through interviews, surveys, focus groups, etc. which are then used to 
manually identify a set of representative CN statements. 

With the advances in Information Technology (IT), customers nowadays express 
their opinions through social media and websites. The customer raw data 
obtained from such sources is generically different from data gathered from 
surveys and interviews, since customer opinions are based on the willingness of 
consumers, from their angle of interest, in their language and often without any 
prescribed question influencing their opinion (Liu, Jin, Ji, Harding, & Fung, 
2013). Availability of such customer data enables new opportunities for 
companies to gather rich information faster and at lower cost (Qi, Zhang, Jeon, 
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& Zhou, 2016). Such customer data is regarded today as the digital Voice of the 
Customer (VoC) (Özdağoğlu, Kapucugil-Íkiz, & Çelik, 2016), as it is said to 
provide relevant customer information for marketing and sales, product design 
and strategic planning (Jin & Liu, 2010; Min, Yun, & Geum, 2018).   

Different techniques are used today to extract relevant information from text 
data, such as to identify different brand communities (Habibi, Laroche, & 
Richard, 2014; Kamboj, Sarmah, Gupta, & Dwivedi, 2018; Shirdastian, Laroche, 
& Richard, 2017), to assess customer reactions after the launch of new products 
(Lipizzi, Iandoli, & Marquez, 2015) as well as to understand what product 
features are valued most by users (Tucker & Kim, 2011; Xu, Wang, Li, & 
Haghighi, 2017). However, studies aiming to derive CN from online text data 
are limited (Timoshenko & Hauser, 2017). For instance, Zhou et al. (2015) 
extract use cases from online user-generated product reviews as a means of 
identifying latent customer needs. Timoshenko & Hauser (2017) further 
proposed a convolutional neural network for sentence classification based on 
word and sentence embedding. A representative sentence of each cluster 
(retrieved randomly) is then used by team members to identify the customer 
need. Based on the view that an online product review is a mixture of different 
customer needs, Özdağoğlu et al. (2016) alternatively proposed topic mining to 
identify different customer needs. Although the method is unsupervised, a 
specific number of topics (i.e., customer needs) must still be defined beforehand.  

While the above-mentioned studies support the company process of identifying 
and deriving CN statements, they treat the set of input (text) data equally 
independently of referring to already known or unknown customer information. 
That is, the data analysis is carried out to communicate new information to the 
company with the underlying assumption that the content underlying the input 
text data is unknown within the company. Aiming to develop and deliver highly 
competitive products to the market within a shorter time, companies need to 
spend their time and resources to analyze unknown and potentially valuable 
customer information while validating what it is already known. Social media 
and other online sources contain new information about customer needs. 
However, there is still a lack of methods for determining whether such 
information is already known within companies. The aim for the research 
presented in this paper is to derive a methodology for automatically classifying a 
set of text data (customer sentences) as known or unknown CN statements. This 
methodology shall support company understanding about the customer by 
validating and updating the internal customer perception based on new text data. 

2. State of the art: Identifying customer needs from text data 
Algorithms that are devised exclusively to help to understand customer needs 
effectively and efficiently from big opinion data are currently not available (Jin, 
Liu, Ji, & Liu, 2016). Some authors have proposed different strategies to 
understand customer needs from text data. Aspect-based sentiment analysis (SA) 



is a technique often used to identify, in text data, the product features that are 
positively and negatively mentioned by customers (Hu & Liu, 2004; Medhat, 
Hassan, & Korashy, 2014). These studies assume, however, that the product 
features and their associated sentiments are synonymous with customer needs and 
preferences. However, it is said that aspect-based SA studies have overlooked the 
role in customer needs elicitation (Lee, 2007; Zhou et al., 2015).  For instance, 
Zhan et al. (2009) claim that opinion mining focuses mainly on product 
features, but product features cannot cover all significant issues in customer 
reviews. The authors propose a text summarization strategy that consists on 
extracting frequent word sentences which in turn are ranked based on the 
occurrence in the set of documents. The Maximal Marginal Relevance 
(MMR) method is used to select sentences relevant for the text summary of 
each topic. MMR is a method that intends to balance the tradeoff between 
the centrality of a sentence with respect to the topic and its novelty compared 
to the sentences already selected in the summary. 

Lee (2007) highlights that text data contains both customer needs and product 
features, and proposes a two-stage process for automatically identifying customer 
needs and differentiating them from actionable product features. To do so, the 
author argues that looking at the co-occurrences of different noun phrases 
representing needs and product attributes, the resulting dense structure obscures 
the intuitive bipartite classification of needs and attributes. Thus, the author 
introduces a layer of abstraction by selectively clustering noun phrases together 
by means of association rules. By considering that customers’ comments are a 
mixture of different customer needs, Özdağoğlu et al. (2016) use Latent Dirichlet 
Allocation (LDA) to identify the 20 main topics discussed in 83,545 gathered 
reviews on Italian restaurants. Reviews for a given topic with high topic score are 
taken as representative of the topic. This reasoning is based on the Pareto 
Principle, which states that 80% of the effects come from 20% of the causes. 
Once topics are clarified based on the sample of reviews retrieved, these are used 
by team members to manually clarify the VoC and, subsequently, extract CNs.  

Kühl et al. (2016) proposed a methodology for identifying customer needs in 
microblog data. A training dataset is first created where 200 tweets are labeled 
based on whether a customer need exists or not. This data is used to train a 
classifier and the texts of  tweets are the source of bag-of-words features. Once 
the classifier is trained, large datasets can be used. However, manual work is 
still required to evaluate the tweets containing customer needs. Kühl et al. 
(2018) argue that it is crucial to not only classify tweets containing customer 
needs, but more precisely to be able to display the expressed needs in an 
aggregated way. Thus, the authors present an approach to automatically 
identify customer needs contained in tweets taking as a basis the work 
previously presented in Kuehl et al. (2016). The authors coded over 1000 
German tweets containing customer needs in the field of e-mobility. Twenty-
eight customer need labels clustered into 8 general customer need categories 



were identified by a team of researchers with domain knowledge. As 
mentioned by the authors, non-identified categories not previously identified 
during the training dataset construction cannot be revealed.  

Timoshenko and Hauser (2017) argue that the complete sentence formulations 
communicate more precise messages than frequency count models and LDA, 
which is based on a “bag-of-words” model. The authors propose a methodology 
for identifying customer needs from User Generated Content (UGC). To do 
so, the authors use a convolutional neural network (CNN) to categorize 
sentences as informative or non-informative. Based on that, informative 
sentences are taken as a basis for classification based on similar sentence 
embedding, which represents semantic similarity among sentences. The final 
sentence embedding clusters are then used by team members to manually 
formulate customer needs.  

3. Research methodology 
The proposed methodology was developed following the design research 
methodology strategy (Blessing & Chakrabarti, 2009). Thus, a descriptive as-is 
study was conducted to retrieve the state of the art about studies aiming to 
extract customer needs from text data. This study was conducted through an 
extensive literature review which is presented in section 2. 

Based on the as-is situation, a methodology in which already existing CN 
statements are used as a basis for automatically classifying new text data as 
corresponding or not to the existing CN statements was prescribed (see section 
3). To validate the proposed methodology an illustrative case study regarding the 
climate system of a car was conducted. With the aim to illustrate the proposed 
methodology, one known CN statement was taken as a basis.  In addition, the set 
of new text data originates from an open questionnaire consisting of 6 questions 
(q1-q6). As open survey questions are optional, it is assumed that only customers 
that want to give a comment or opinion will answer. Thus, the text data used in 
the analysis is assumed to not contain large amounts of irrelevant data. In 
addition, to be able to quantify the performance of the proposed classification, 
the customer answers associated to each question (q1-q6) are manually classified 
according to whether they correspond or not to the selected CN statement. Two 
researchers carried out this process independently. Manual classification results 
from each researcher were compared and, if there was a disagreement in a 
category, a third researcher was asked.  

4. Customer text data classification methodology 
The proposed methodology is divided into three main steps (see Figure 1). Step 1 
is to identify the set of keywords representative of the Customer Needs (CN) 
that are known within the company and for a given business opportunity; that is, 
words often used by customers to refer to the CN. As different keywords may be 
required to refer to a particular CN, combinations of different keywords, referred 
here as CN patterns, are considered. In parallel, customer data that is time and 



content relevant to the business opportunity is retrieved from social media data 
sources, online-surveys, etc. (see step 2 in Figure 1).  

Lastly, retrieved customer data is arranged into customer sentences and used as 
input in Step 3, of which the aim is to classify input sentences (obtained from 
Step 2) as containing known CNs or unknown customer information 
(considering the CN tuples defined in Step 1).  

update+add
new+add

Company raw data 
(company database)

Step 1
Defining CN tuples

Step 3
Sentence classification

Step 2
Text data pre-processing

validate
update+add

Company
knowledge 

New 
customer data

KNOWN

UNKNOWN
 

Figure 1: Classifying new text data into known/unknown categories 

Sentences classified as mentioning known CNs will automatically validate or 
update the existing CN keywords defined in Step 1. More specifically CN tuples 
will be updated when the sentence contains words that share high similarity with 
the CN keywords. In such a scenario, these sentences will automatically be added 
in the company database, as they contain different (and unknown) ways of 
referring to the known CN.  

Sentences classified as containing unknown information require of manual 
inspection from team members to determine whether the sentence refers to: (a) a 
new and unknown CN or (b) an unknown information of a known CN. Case 
(b) will occur when companies are aware of an existing CN but lack information 
to fully define its related keywords and CN patterns. Thus, in this case, the list of 
keywords will be updated with the new words encountered in the sentence and 
the sentence will be added to the company database. If case (a) occurs, further 
exploration is required. The post-processing required when a sentence is 
classified as unknown is outside the scope of this paper (see discontinuous line in 
Figure 1). 

The novelty of the proposed work lies in Step 1 and Step 3 and these are 
therefore the steps that this section focuses most on. In addition, Step 2 is briefly 
discussed, as existing techniques can be used to extract and pre-process customer 
text data accordingly. 

 



Methodology nomenclature 

CAT Category to which a sentence is classified (CAT=0/CAT=1) 
wA Solution-related words 
wB CN-related words 
M Binary matrix containing possible combinations of wA and wB that 

represent a CN 
A Binary vector indicating if expression in wA can represent a CN 
B Binary vector indicating if expression in wB can represent a CN 
Sij Similarity between the ith not mentioned CN keyword and the jth 

nearby word 
Sthreshold Minimum similarity value from which two words are considered 

similar 
RDthreshold Maximum Relative Distance between wA and wB expressions 

forming a CN pattern 
X Candidate sentence words 
Y Set of words that form expression in wA or wB 

4.1 Defining CN tuples (Step 1) 
In this step, the set of CNs that are known by team members and related to a 
business opportunity is taken as a basis for identifying CN keywords. The 
combination of CN keywords will be referred to as CN patterns. In traditional 
product development processes, customer needs (CNs) are expressed as written 
statements and are the result of interpreting the need underlying the raw data 
gathered from the customers (Ulrich & Eppinger, 2012). This raw data typically 
originates from different sources such as interviews, focus groups, surveys, etc.  

Thus, if customer raw data related to a known CN is available in the company 
database, such data should be used to identify CN patterns together with the 
company understanding of the CN. Customer needs that relate to innovations or 
that are yet not clearly defined in the company do not often relate to existing 
customer raw data in the company database. In this case, team members should 
define CN patterns based on their beliefs and experience. Note that by doing so, 
if the new text sentences (from Step 2) correspond to such CN patterns 
(regardless if they are derived from available customer raw data or only company 
knowledge), the methodology will (in Step 3) classify the sentence as known i.e., 
confirming that known or “guessed” CNs are mentioned in the new set of text 
data.  

Traditionally, CN statements are often expressed in terms of what the product 
has to do (not how) and they are expressed as specifically as the customer raw 
data (Ulrich & Eppinger, 2012). While this holds true, when customer data is 
retrieved from online data sources, some customer needs are often (although not 
always) expressed together with product attributes. For this reason, the set of CN 
keywords will be formed by solution- and CN-related keywords. In addition, 



because a CN can be expressed differently, a CN can be represented by different 
CN patterns. 

� Solution-related (wA) words or expressions represent how the CN will be 
fulfilled and are often related to product attributes. Note that solution-
related words could be seen as the product attributes related to the CN in 
the House of Quality relationship matrix (Akao, 1990). When identifying 
the product attributes, different levels of detail in such words should be 
considered, as customers may refer to the CN in different granularity levels 
(e.g., car smell vs cabin smell). In addition, abbreviations should also be 
considered.  

� CN-related (wB) words or expressions are more abstract and represent 
what the customer expects in relation to the given CN. CN-related words 
are of high importance in product development, as they give hints during 
target setting on what levels product attributes should be set (e.g., air in 
the cabin is fresh).  

At the end of this step, each known CN will be defined by a tuple such as: 

 
CN={wA, wB, M, A, B} (1) 

where wA and wB contain the set of solution and CN-related set of words 
representing company understanding of the CN. M contains all the possible 
keyword combinations from wA and wB that represent the CN. Lastly, the 
vectors A and B indicate if solution or CN-related words can independently 
represent the known CN. Team members will be the responsible for setting each 
position of M, A and B, and 0 or 1, indicating if the CN pattern exists. Thus, 1 
will represent that the selected wA and wB or wA or wB expressions are 
representative of the CN. Note that A and B vectors will be used depending on 
the type of data retrieved in Step 2. The reason is that if text from social media or 
other networking sites is retrieved, CN patterns will be indicated in M. If new 
text data comes from open online surveys, CN patterns containing only solution 
or CN-related words might be valid to determine if the sentence refers to the 
known CN, as a question is provided. For instance, if a question is “What do 
you like/dislike about the climate system of your car?”, an answer could only 
refer to solution-related words without the need to use CN-related ones and vice 
versa. During this step it is yet not known from what context (i.e., open survey 
questions or networking sites) customer text data is retrieved; thus, A and B 
should both be defined by team members. 

Considering the development of a car climate system, a known CN could 
correspond to: “Air quality in the cabin”. The required information forming the 
CN tuple (i.e., Eq.(1)) is illustrated in Figure 2, where 185 possible CN patterns 
can be identified. From Figure 2 one can see that ‘efficient’, ‘fast’ and ‘good’ are 
CN-related words that need to be mentioned together with the solution-related 



words in order to represent the CN “Air quality in the cabin” (see vector B in 
Figure 2). In addition, solution-related words such as ‘car’, ‘compartment’ and 
‘cabin’ need to be mentioned with any of the possible existing CN-related in 
order to refer to the CN (see vector A in Figure 2).  

 
Figure 2: CN tuple information for the CN “Air quality in the cabin” 

4.2 Text data pre-processing (Step 2) 
A set of free-written text data is taken as a basis in this step. It is assumed that 
such text data is obtained from new customer information gathering strategies 
including data collection from social media data sources, open survey questions 
(e.g., online), etc. Although outside the scope of this process, only data relevant 
to the business opportunity is assumed to have been retrieved. Different studies 
have provided different strategies to filter out irrelevant text data (Jin & Liu, 
2010; Liu et al., 2013).  The retrieved free-written text data is split into sentences 
and stop words are removed. The set of clean sentences is taken as a basis in Step 
3. Following the example from the previous section, under this stage, text data 
related to the climate system of a car will be used as a case study.  

4.3 Sentence classification (Step 3) 
The aim of Step 3 is to classify new customer sentences, previously pre-processed 
in Step 2, as referring to known CNs (KNOWN, CAT=1) or instead containing 
unknown customer information (UNKNOWN, CAT=0). The classification 
process is illustrated in Figure 3, which shows that a sentence is classified as 
KNOWN (i.e., CAT=1) if: 

� Case 1: The sentence mentions an existing CN pattern 
� Case 2: The sentence shares high similarity with any existing CN pattern 

defined in the corresponding CN tuple  



In case 1, if a CN pattern is formed by wA and wB expressions, these should 
appear within a small Relative Distance (RD). In general terms, the higher the 
relative distance between two words or expressions, the less likely they are 
related. Thus, RDthreshold is set in order to make sure that both expressions are not 
mentioned too far from each other in the sentence. In order to make such 
comparison, word roots are taken as a basis and, thus, stemming is required.  

As shown in Figure 3, sentences that do not belong to case 1 are taken as a basis 
of analysis in case 2, where the CN tuple will be updated if new words that share 
high similarity with the CN pattern are encountered in the sentence; thus, 
CAT=1. This automated process is illustrated in Figure 4, where the shadowed 
boxes indicate input data required. Note that some of these inputs come from 
previous steps.  
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Figure 3: sentence classification process 

Thus, to determine whether a CN tuple should be updated, the words in wA 
and/or wB expression forming a given CN pattern are first extracted. This set of 
words will be referred as Y (see Figure 4). Consequently, candidate sentence 
words (X) are extracted. Candidate sentence words represent a set of consecutive 
words from the pre-processed sentence. Note that the number of consecutive 
words extracted should equal the number of words in Y. For instance, suppose a 
CN pattern is formed by the wB expression ‘good air’. Thus, Y = [‘good’, ‘air’]. 
If the sentence in the analysis is: ‘excellent air during winter driving’, then the set 
of candidate words X = [‘excellent’, ‘air’], [‘air’, ‘during’], [‘during’, ‘winter’] or 
[‘winter’, ‘driving’]. 
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Figure 4: Case 2 in the sentence classification process 



A set of consecutive words will share high similarity with the wA or wB 
expression forming the CN pattern if their similarity is at least equal to a 
similarity threshold value (Sthreshold). To calculate such similarity, words are first 
represented in the vector space. To do so, a pre-trained embedding vector is 
taken as a basis (see emb1 in Figure 4). The idea is that these pre-trained 
embedding vectors are able to represent a word in the vector space, as such 
words that are semantically similar are represented close to each other. For 
further information about this algorithm development and word representations 
the reader is directed to Mikolov et al. (2013). Different pre-trained word vectors 
learned in different sources such as Wikipedia or Common Crawl could be used 
for this purpose. To represent the word in such vector space, pre-build functions 
such as word2vec from MATLAB© can be used. 

Based on the above reasoning, each set of consecutive words in X and Y is 
represented in the vector space and compared pairwise with the aim to calculate 
how similar both sentence and wA or wB expressions are. To do so, cosine 
similarity (see Eq.(2)), a string-based similarity measure, is often taken as a basis 
(Gomaa & Fahmy, 2013).  
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where Xi and Yj are the vector representations of the ith word in X and the jth 

word in Y, respectively. Note that X will be considered as a potential candidate 
to represent the wA or wB expression if all the words in Y correspond to a 
different word in X with similarity higher than Sthreshold. Given the same sentence 
example and wB expression whose Y=[good, air], Eq.(2) can be used to calculate 
how similar  X= [excellent, airflow] is to Y. Results are shown in the table 
below: 

 Y   
 good air   

S= 
0.7 0 excellent 

X 
0 0.8 airflow 

Considering a Sthreshold≥ 0.7, then ‘excellent airflow’ is considered semantically 
similar to the CN pattern ‘good air’, as all the words in Y correspond to a 
different word in X with a Sij> Sthreshold. In turn, the CN tuple will be updated by 
adding a new entry in the wB list of expressions but also by updating M and B 
accordingly.  

Note also that if the CN pattern is formed by similar wA and wB expressions, 
these should be mentioned within an RDthreshold in order to be considered 
representative of the CN (see discontinuous box in Figure 4). Generally, when 
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updating the CN tuple, a new entry to wA or wB containing the similar 
expression is created and M and A or B are updated by adding one row or 
column in M and one position in A or B that contain the same values as the 
original pattern to which the expression X is similar.  

5. Case study 
The aim of this section is to illustrate the proposed methodology and to test the 
proposed classification criteria. The chosen example concerns the development of 
a new car climate system.  

5.1 Defining CN tuples (Step 1) 
In the chosen case study, twelve CNs related to the climate system of the car are 
known by the company. These are: ability to control cabin temperature (CN1), 
heat cabin quickly (CN2), cool cabin quickly(CN3), efficiently remove misting 
(CN4), efficiently remove ice (CN5), low noise levels (CN6), keep humidity at 
acceptable levels (CN7), high air quality in the car cabin (CN8), seat heating 
(CN9), ventilated seats (CN10), steering wheel heater(CN11) and touch screen 
panel(CN12). In order to illustrate the methodology it is assumed that only CN8 is 
known by the design team members. The CN tuple corresponding to CN8 is 
illustrated in Figure 2. 

5.2 Text data pre-processing (Step 2) 
An open survey regarding the car climate system is sent to 1300 customers. The 
customer answers on such survey are the new customer text data that will later be 
analysed in Step 3. Note that since the analysed text data is generated from a 
given context (e.g., online survey questions), A and B vectors defined in Step 1 
are also taken as a basis. 

The open survey consists of 6 questions. These are:  (q1) What do you like about 
the climate system in your car?; (q2) What do you dislike about the climate 
system in your car?; (q3) Why don’t you run the climate system in AUTO?; (q4) 
What motivates you to use AUTO instead of setting the climate system?;  (q5) 
Please explain why the climate system is not easy to understand/operate; (q6) Is 
there any special climate feature that you are missing in the car? All the customer 
answers are stored in the same list and split into sentences. This resulted in 4005 
sentences. Lastly, stop words are removed. The pre-processing was conducted in 
MATLAB.  

5.3 Sentence classification (Step 3) 
In order to have a more or less even distribution of sentences referring to CN8 
and other CNs, the final set corresponding to 162 customer sentences2  is taken 
as a basis under this step, from which around 50% correspond to sentences 
previously classified as CN8. To classify sentences as KNOWN (i.e., CAT=1) or 
                                      
2 The reason is that, in order to later assess the classification, some of the sentences should refer to CN8 while 
others refer to other CNs. The set is formed by 50% referring to CN8 and 50% of sentences referring to other 
CNs. 



UNKNOWN (i.e., CAT=0), the process previously presented in Figure 4 is 
carried out. Note also that the parameter setting of RDthreshold and Sthreshold is 
critical for sentence classification performance. Thus, different RDthreshold and 
Sthreshold values are tested. These are RDthreshold = [2, 4] and Sthreshold = [0.5, 0.6, 0.7, 
0.8]. Thus, 8 RDthreshold and Sthreshold combinations are tested. A 300-dimensional 
pre-trained word embedding for 1 million English words was used (accessed 
through the pre-built function in MATLAB fastTextWordEmbedding). Sentence 
classification performance for each combination is shown in section 5.3.1.  

5.3.1 Assessment of the sentence classification 

Under this section, the sentence classification performance is assessed for each 
RDthreshold and Sthreshold combination value. To do so, the 162 customer sentences 
are randomly ordered and classified as KNOWN (i.e., CAT=1) or UNKNOWN 
(i.e., CAT=0). To evaluate the classification results, accuracy, precision, recall 
and F-measure are some of the metrics often used (Sokolova & Lapalme, 2009). 
Precision and recall are the assessment metrics chosen in this work, as they can 
represent how the proposed classification methodology performs on labelling a 
sentence referring to a known CN in the class KNOWN (precision) and a 
sentence referring to an unknown CN in the class UNKNOWN (recall). 
Precision and recall are calculated as shown in Eq.(3) and Eq.(4): 
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where TP, FP, TN and FN refer to the True Positive, False Positive, True 
Negative and False Negative. See confusion matrix in Table 1 for a more 
intuitive meaning of TP, FP, TN and FN. To calculate the TP and FP, the 
manual sentence classification previously set by the two independent researchers 
(referred as actual category in Table 1) is compared with the one predicted by the 
model (referred as CAT in Table 1). 

Table 1: confusion matrix 

  CAT 
  KNOWN(=1) UNKNOWN (=0) 
Actual 

category 
KNOWN  TP FN 

UNKNOWN  FP TN 

The precision and recall values for each RDthreshold and Sthreshold combination are 
shown in Figure 5. As precision and recall for RDthreshold=2 and RDthreshold=4 is 
the same, results are only shown based on the Sthreshold. The reason why the 
RDthreshold values do not affect precision and recall results is that the CN patterns 
from the M matrix rarely exist in the set of analysed sentences or they are 
mentioned closer to each other than the RDthresholds values set.  



 
Figure 5: Precision and Recall 

6. Discussion of results  
This section will discuss the results from two perspectives: Precision and Recall 
values and the effect of company knowledge about known CN (methodology 
robustness).  

6.1 Precision and recall values 
In the literature there are no agreed acceptable ranges for precision and recall, as 
they depend on the purpose for which they are used (Sokolova & Lapalme, 
2009). As shown in Figure 5, if Sthreshold=0.5, precision corresponds to 0.7 
approximately. This is reasonable, as expressions that are only 50% similar will be 
considered as representative of the CN. Thus, increasing FP and in turn dropping 
precision (see Eq.(3)). Instead, when Sthreshold values are equal or higher than 0.6, 
the sentence classification precision reaches 1. This means that every sentence 
labeled as belonging to the class KNOWN does indeed refer to CN8. Note, 
however, that precision says nothing about the number of sentences referring to 
CN8 that are not labeled correctly (see Eq.(3)). This information is instead shown 
in the recall (see FN in Eq.(4)). As shown in Figure 5, the higher the Sthreshold 
value is, the lower the recall (i.e., FN increases). Thus, it is not desirable to have 
very low levels of recall, as that would require analysing large sets of sentences 
that were already known by team members but considered as UNKNOWN. If 
precision and recall are calculated by only using string matching (i.e., case 1 in 
Figure 4), they correspond to 1 and 0.034, respectively. These values indicate 
that if only string matching were used, a large proportion of sentences that are 
known would be classified as UNKNOWN. By adding similarity calculation into 
the analysis, recall can be increased, as shown in Figure 5. 

If the proposed sentence classification is used, besides reinforcing the company’s 
knowledge of known CNs, to identify new and unknown customer information, 
precision should be prioritized over recall, as it is important to make sure that 
sentences classified in the class KNOWN really refer to a known CN (i.e., TP↑  



and FP↓ , precision↑ , see Eq.(3)). Based on the data shown in Figure 5, under 
this scenario, the Sthreshold value chosen should be more restrictive (i.e., higher) in 
order to prevent unknown customer sentences from being classified as known.  

However, in some cases the focus could be on identifying information about a 
“guessed CN”. In such situation, team members would rather focus on customer 
sentences classified in the class KNOWN. Thus, recall should be prioritized over 
precision. That is, it is important to make sure that sentences classified as 
UNKNOWN are really not referring to the “guessed” CN (i.e. TN↑  and 
FN↓ , recall↑ , see Eq.(4)). Based on the data shown in Figure 5, under this 
scenario, the Sthreshold value chosen should be less restrictive (i.e. lower)  in order 
to avoid UNKNOWN customer sentences to be classified as KNOWN.  

6.2 Company knowledge about CN  
The performance of the proposed sentence classification is affected by the 
RDthreshold and Sthreshold values chosen independently of how accurate the 
information in the CN tuple represents the known CN. Thus, the higher the 
knowledge a company has about the CN, the better the information used in the 
CN tuple and, in turn, the higher the chance of classifying all the sentences truly 
referring to the CN as known. Note that the intention of this methodology is to 
classify sentences truly referring to the CN as known only if they align with the 
company understanding of the CN. Thus, if company knowledge about a CN is 
not accurate, sentences truly referring to such CN, but that do not match with 
the company knowledge, should be classified as UNKNOWN.  

Considering the scenario where Sthreshold is set to 0.6, the methodology has 
automatically updated the wA and wB list with 3 and 2 new expressions, 
respectively (see shadowed rows in Table 2).  

Table 2: New wA and wB (Sthreshold=0.6) 

new wA new wB 
filtration odors 
filter system dirty air 
allergens humidity 
humidity control air feels good 
recycle air control fresh air 
 fresh air flow 
 pollution detection 
 air recirculation  
 smoke 
 diesel exhaust 

Sentences classified as UNKNOWN are reviewed by team members in order to 
identify new CNs and to validate their understanding of CN8.  This resulted in 
the identification of 2 and 8 new wA and wB expressions, respectively (see Table 



2). Table 3 in Appendix illustrates the set sentences containing the new wA and 
wB expressions. 

7. Conclusions and future work 
This paper proposes a novel methodology for classifying a set of sentences as 
containing known or unknown information based on existing company 
knowledge about customer needs (CNs). This allows companies to identify new 
customer information underlying unknown CNs, as well as to validate and 
update their knowledge about already known CNs. Results from the case study 
indicate that the proposed classification methodology help companies to classify a 
set of data as referring to a known or unknown CN, as well as to update the CN 
tuple with keywords representing the known CN. In addition, results indicate 
that different Sthreshold values may be chosen depending on the company’s 
intention with respect to the use of the sentence classification. For instance, if the 
company’s intention is to identify unknown customer information while 
validating already known CNs, then Sthreshold should be closer to 1. Instead, if the 
company is interested in validating whether a “guessed CN” is mentioned among 
customers, then the Sthreshold should be less restrictive. 

In addition, the paper provides a guideline for how to represent company 
knowledge about already known CNs. Such a guideline has 3 main steps: (1) 
define set of solution-related words or expressions that represent the known CN, 
(2) define set of CN-related words or expressions that represent the known CN 
and (3) define M, A and B, i.e., the set of possible combinations of wA and/or 
wB expressions representing the CN. Such a guideline allows identification of a 
set of solution and CN-related keywords as well as possible combinations of 
both, forming CN patterns (step 1 in the methodology). Such way of defining 
CNs could be used as a starting point in the future to store existing company 
knowledge about the customer. Such information could be taken as a basis to 
statistically track what CN patterns are most frequently mentioned in social 
media data. This would give companies an indication about what aspects of the 
CN customers are currently most sensitive to. The use of historical text data 
would also help to detect how CN patterns evolve over time (from not 
mentioned to frequently mentioned or vice versa). Such trends would give 
companies an indication as to whether the CN statement used in subsequent 
stages of product development such as the target setting process, should be 
updated 
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Appendix 
Table 3 illustrates the set sentences that the methodology classified as 
UNKNOWN although they refer to CN8 and given the Sthreshold=0.6. 
Expressions highlighted in black represent keywords representative of the CN8 
that are not included or not at least 60% similar to the ones used in the CN tuple 
representing the company knowledge about CN8. This suggest that when such 
sentences would be analysed by team members, new keywords or combinations 
of words improving the customer understanding of the need should be included 
in the CN tuple (e.g., bold words highlighted in Table 3. Some of the  sentences 
are not classified as KNOWN because of spelling errors (e.g., see sentence 1 in 
Table 3) or due to customers’ use of abbreviations that cannot be found in the 
pre-trained word embedding vector and thus return similarity 0. This is the case 
for sentence 9, in which ‘aqs’ refers to ‘iaqs’. In the future, such a term should be 
included in the CN tuple. In addition, the sense of ‘freshness’ in the air is an 
aspect valued by the customers and thus, such a keyword should be representative 
of CN8 (see sentences 8, 11, 18, 20, 21, 37 in Table 3). Similarly, humidity and 
air recirculation are aspects valued when it comes to air quality in the cabin 
(sentences 3, 4, 19, 23, etc. in Table 3). Thus, such words also represent CN8. 
 

  



Table 3: Sentences that are False Negatives (FN) 

q1 

1 'gets rid of the bad oders in traffic' 
2 'good quality' 
3 'controls humidity' 
4 'it''s always on and maintains temperature and humidity at comfortable levels.' 
5 'aumatic temp and humidity control' 
6 'air feels good and can control the temperature easily.' 
7 'keeps humidity low' 
8 'heated seats, fresh air flow' 
9 'I love the aqs.' 
10 'it adjusts the quality and temp of the air in the car.' 
11 'maintains sense of freshness' 
12 'I like the automatic recycle control.' 
13 'it de humidifies the cabin.' 
14 'consistent air flow' 

q2 

15 'the pollution detection could be better.' 

16 'I constantly have to manually set the air to recycle due to a smelly truck or other 
environmental variable' 

17 'no hudimity control and it takes a while to back seat riders to feel the heat ot air' 
18 'the recirculate/freshair/mix control is vague and poorly labeled.' 

19 'if I have it set to recirculate the air and any others settings are changed, it resets the 
air recirculation.' 

q3 

20 'I turn the AC compressor off in the colder months because I like to have fresh air 
come into the car if the weather permits.' 

21 'I prefer fresh air mixed with heated air rather than AC mixed with heated air.' 
22 'like outside air' 
23 'when I need extra circulation' 

24 'it probably has more to do with humidity conditions than the actual temperature 
of the air stream.' 

25 'turn off AC and want it to circulate air with windows open' 
26 'smelly vehicle in front of me.' 
27 'external oders such as smoke or diesel exhausts that come into the car' 
28 'driving behind a smelly vehicle or passing through a smelly area (such as skunk).' 
29 'on nice cool days it is great just to have fresh air.' 

30 'maybe I want more of less air...maybe I want to get fresh air as well,,,maybe I want 
air only on my feet...' 

31 'when the outside temperature reading is equivalent to the desired internal 
temperature, so the auto prevents re-circulation of air.' 

32 'I may like fresh air, and have windows down, or simply adjust air flow to my 
preference' 

33 'it is frustrating that the system cannot be on defrost and recirculating at the same 
time.' 

q5 

34 'an easily obtainable fresh air setting' 
35 'humidity control / ac ventilated seats' 
36 'humidity control' 
37 'I would like less humidity and more fresh-feeling air.' 
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Abstract— The advances in customer information gathering 
techniques are constantly increasing. However, the tools used today 
to translate such information into product specifications provide lack 
of emphasis on communicating insights to engineering teams. In 
addition, little investigation on how the gathered customer 
information is helpful to product designers is rarely explored in the 
literature. At the end, this situation results in a still uncertain target 
setting process that increases the risk to set wrong product 
specifications due to the lack of customer information insightful to 
the designers. In order to quantify such, todays’ risk assessment 
methodologies cannot be used. The reason is that they use a set of 
undesirable events as a starting point without ensuring that all 
possible undesirable events are considered. Thus, uncertainty cannot 
be estimated without knowing what customer information is relevant 
to designers. By means of the p-diagram and Analytical Hierarchy 
Process this paper proposes a novel way to identify what customer 
information is relevant to the design process and calculates
uncertainty as the risk of designers’ decisions to deviate from the 
customer picture due to the lack of relevant customer information. To 
do so, existing customer information from the company database is 
taken as basis. To show the validity of the proposed methodology, a 
case study regarding the balancing of electric consumption of an 
electric vehicle is proposed. Results show that the risk indicator helps 
the team members to identify what customer information is uncertain 
and therefore relevant to the design process as well as to establish a 
more customer-focused and context-specific information gathering 
strategy.

Keywords—uncertainty; risk; customer information; design 
process; P-diagram; Analytical Hierarchy Process

I. INTRODUCTION 

In order for a product to be successful in the market its 
features have to fulfill customer needs. However, the 
shortening time to market forces companies to not spend large 
amounts of time in the customer needs identification stage. 
Today, with the increasing advances in information 
technology, companies are able to translate on-line customer 
data coming from sources such as surveys, social media, 
product reviews but also sensor data from customer products 
into customer information [1-5]. Such information is later used 
by designers to identify key product features and to set targets 
by means of tools such as Quality Function Deployment 
(QFD). However, how helpful is the gathered customer 
information to product designers is not explored in detail in the 
literature. For instance, Liu et al. [6] propose four categories of 
features that reflect designers’ concerns in judging customer 

product review helpfulness. These categories correspond to 
linguistic features, product features, features based on 
information quality and features using information. Based on 
Liu et al.’s work, Qi et al. [7] propose an automatic filtering 
model to predict helpfulness of online reviews from the 
perspective of the product designer and then use Kano method 
to analyze online reviews to develop appropriate product 
improvement strategies. 

In addition, it is argued that these tools provide lack of 
emphasis on communicating insights to engineering teams [8]
which results in designer assumptions (i.e. uncertainty) on 
product features and therefore company’s risk of setting 
product specifications that do not fulfill customer needs. Risk 
is usually modeled by probability of occurrence of undesirable 
events and impact of the corresponding consequences [9].
Today different qualitative (e.g. Risk Breakdown Structure) 
and quantitative methods (e.g. Failure Mode and Effect 
Analysis (FMEA), Analytical Hierarchy Process (AHP)) are 
used to determine the importance of the given undesirable 
events and to prioritize them [10]. Some studies propose 
different ways to calculate the company risk of failing due to 
the setting of wrong product targets. Tang et al. [9] for 
instance, defines customer perception risk analysis as the 
extend of inability of a product to satisfy customers’ desire and 
uses two levels to define risk factors. The upper level refers to 
the actions of competitors, which change the customer 
expectations, and the second level refers to the new trends for 
competed products, which change market tendency. To 
calculate such risk the author proposes a method to generate 
belief rule base which is the basis of belief rule base inference 
methodology using the Evidential Reasoning: a risk evaluation 
methodology proposed by Yang et al. [11] that allows the 
consideration of different risk factors with different 
uncertainties. Due to the lack of much priori information, 
subjective and vague judgments, Song et al. [10] argues that it 
is difficult to conduct risk assessment of customer integration 
accurately and therefore proposes a rough set theory risk 
evaluation method. Four risk factors are evaluated and 
correspond to organization risk (e.g. structure and culture), 
capacity risk (e.g. customers’ limited domain of expertise), 
knowledge risk (i.e. leakage of technical knowledge) and 
market risk (e.g. damaged relationships with key customers). 
With the aim to provide a quantifiable means of identifying the 
risks that exist between customer cultures and designers’ 
cultures, [12] proposes a customer cultural risk indicator. The 9 



dimensions found by the GLOBE study, which is a method to 
quantify culture in the business community, are used to 
calculate the deviations of designers’ culture with the culture 
where they have to launch a new product.

Given a set of risk factors, the above-mentioned 
methodologies help team members to identify which of these 
are the most sensitive for the company. However, none of them 
explicitly connects such risk with the lack of customer 
information relevant to the designers’ perspective. When 
aiming to calculate the risk of setting wrong product targets 
due to lack of customer information one should realize that an 
undesirable event means in this case that customer information 
that is relevant to the design process is missing. Therefore the
question that arises is: How to ensure that all possible 
undesirable events (i.e. relevant customer information that is 
missing) are considered? This is not addressed in the todays’ 
risk assessment methodologies which consider a set of 
undesirable events/risk factors as a starting point. By means of 
the p-diagram and AHP this article proposes a way to identify 
what customer information is insightful to the design process 
and presents a novel way to quantify designers’ decisions risk 
of deviating from the customer picture taking as basis the 
existing customer information in the company database. The 
risk indicator aims to help companies to identify what missing 
customer information is most important to gather to reduce 
uncertainty and thus the risk of setting wrong targets in the 
design process.

II. NOMENCLATURE

T Relevancy (%) of company’s available customer information 

j Relevancy (%) of the jth required customer informaiton 

Accuracy (%) of the customer preferences

ND Newness Degree of required customer information (years)
CLn Context Level of required customer information

CNi ith customer need

m Amount of information from the p-diagram most important to know
n Maximum number of pairwise comparisons in AHP

k Number of guessed pairwise comparisons in AHP

R Risk (%) of deviating from customer picture
rND Value drop of customer data among time (i.e. ND)

WCLn Importance (%) of the nth context level in providing relevant 

customer information

III. RISK ASSESSMENT

Given a set of customer needs, uncertainty during target 
specification stage can be defined as the risk of designers’ 
decisions of deviating from the real customer picture. To
formulate such risk, the widely used quote in quality design 
which claims to designers to: “Design the right thing and 
design the thing right”, is taken as basis.

From one side, to “design the right thing”, customer 
information relevant to the thing (i.e., product) to be designed 
is essential. When developing products through a customer 
focus, designers need to be aware of what population they are 
designing for. In fact, this is one of the reasons why customer 
involvement techniques, user scenarios as well as human 
factors engineering are used. Designers need to understand 
customer mental models, since they are an internal 
representation of their external environment, which affects how 
they act [13]. For this reason, a parameter that represents the 

should be used to assess risk. Moreover, tools that allow 
designers to identify what parameters represent the complete 
customer picture are essential for the development of customer-
focused products. The p-diagram is therefore proposed as a 
means to achieve that and, consequently, to calculate the 

(see Section A). 

From the other side, to “design the thing right”, designers 
need to know how to balance product features. In this context,
customer needs preferences are therefore important. Thus, 

another parameter considered when assessing risk. While 
customer information available in the company is relevant to 
the product to be designed, if features are balanced incorrectly, 
the product will not fully fulfill customer needs and thus, 
customer satisfaction will drop. Thus, if the accuracy of 
customer preferences is low, there is a high risk of developing 
a product that does not fully fulfill customer expectations. 
Analytical Hierarchy Process (AHP) [14] is often employed in 
various studies to balance the relative importance of customer 
needs [15, 16]. The method is also adopted in this methodology 
not only to obtain customer needs prioritizations but also to 

B).

O
according to the customer information available in the 
company database. Note that the methodology considers that 
the already existing customer information in the company 
database is known and fully understood by designers and 
therefore representing the designer’s knowledge about the
customer. Accordingly, and as shown in Fig. 1, the risk of 
designers deviating from the real customer picture will 
corresponds to the furthest distance between the complete 

company’s customer picture 
The normalized risk R is proposed as:  

R=sqrt((1- 2
+(1-

2
))/sqrt(2) (1)

calculating the risk. This is because the focus is on highlighting 
that both parameters are needed to calculate such risk rather 

risk
calculation.

Fig. 1: risk according to the relevancy and accuracy of the available customer 

information in the design process



Note also that (1) can be calculated for each customer need. 
Thus, by plotting the risk indicator for each customer need in 
Fig. 1 team members can visually identify from what customer 
need more customer information is missing.

A. Relevancy of available customer information ( )
The p-diagram comes from parameter diagrams and it is a 

common (and optional) tool used in later stages of the design 
process. Usually, it is used when preparing for the Failure 
Mode and Effects Analysis (FMEA) of a system or subsystem 
(systems engineering). In the p-diagram the output is the 
performance of a product feature which is created by 
combining inputs of materials, parts, components, assemblies, 
etc. For each of these inputs, engineers identify parameters and 
specify numerical values to achieve the required product 
feature performance (e.g. [17]).

Today, methods such as QFD are used to translate customer 
needs into product specifications. However they provide lack 
of emphasis on communicating insights to engineering teams 
which result in designer assumptions. For this reason a 
modified version of the p-diagram is used as means to identify 
customer information that contributes into the definition of the 
given set of customer needs (in a designer’s language). The 
modified p-diagram (see Fig. 2) considers the product as a 
whole complex system that has as a requirement the fulfilment 
of customer needs in order for the product to be successful in 
the market. This is in fact achieved by setting competitive 
targets for control factors, also called design requirements. 
Considering that each customer need (CNi) is an input to the 
system (i.e., product), product performance will be robust when 
noise factors are known and considered during the target 
setting. In this case, system noise corresponds to those factors 
that designers cannot change and that describe the customer 
world. More specifically and as indicated by the p-diagram 
these correspond to: (customer) environment factors which 
represent the environmental conditions in which the customer 
is using the product and that affect the fulfillment of the given 
customer need (CNi), and (customer) usage factors which 
represent the customer’s way of using the product. Note thus 
that team member’s knowledge on noise factor values will 
define how certain or uncertain the process is.

SYSTEM

Noise factors 

Control factors

Fulfillment of 

customer need

CNi

Customer need

CNi

customers’ world

designers’ world

Fig. 2: modified p-diagram 

Afterwards, the retrieved information is classified 
according to its Context Level (CL) and Newness Degree 
(ND). More specifically, CL, which refers to the source from 
which the information is obtained (i.e., market/other market 
and competitor/company product), and ND indicate how old 
the retrieved customer information is. Five context levels 
(CL0-CL4) are proposed in this methodology (see Table 1).

TABLE 1: CONTEXT LEVEL DETAILS

Level WCLn
Required customer information 

from the p-diagram …
CL0 WCL0 … is missing in the company database

CL1 WCL1
… exists and comes from competitors’ products in 

different markets 

CL2 WCL2
… exists and comes from company products in different 

markets

CL 3 WCL3
… exists and comes from competitors’ products in 

market

CL4 WCL4 … exists and comes from company products in  market 

The relevancy of the j
th

required customer information is 
defined as shown in (2) where WCLn and r parameters are 
defined by the company. r

ND
corresponds to the value drop of 

customer data over time, which will be bigger at small ND 
values (e.g., first two years). Note from (2) that WCLn weights 
r

ND
according to the importance of each context level in terms 

of providing information regarding the population they are 
designing the product for. 

j = (n=1,..4) WCLn*r
ND

(2)

An example is shown in Fig. 3. If required customer 
information is not available (i.e. CL0) note that j=0. If 
customer information is available for CL1, CL2, CL3 and CL4, 
the most relevant context levels CL3 and CL4 will be used in 
the design process and thus to calculate j. Moreover, when 

CL4, the relevancy of the data will not correspond to the 
maximum relevancy (i.e., 1).This is because Fig. 3 is created 
considering that the product to be developed is new and, thus, 
designer awareness of target population is not complete, even 
though data relevant to the context are available. If the product
to be developed were an improved version of an existing 
product, then j would approximate to 1 when customer 
information from CL3 and CL4 is available.

Note also that WCLn gives information of company strategy. 
Thus, if the highest value of WCLn belongs to CL4, the 
company strategy is customer-centred; if it belongs to CL3, it is
competitor-centred. To calculate total relevancy of the required 
customer information, the designers need to select what 
required customer information from the p-diagram is most 
important to know, then:

T
(j=1…n) j/m (3)

Fig. 3 j) according to its 

newness degree (ND) and context level (CL)



B.
From the previous section, cross-functional team members 

have identified and analyzed all the information that is 
available in the company and relevant to the development of 
new product. That will help them to define customer needs at a 
more specific level and, thus, to make pairwise comparisons 
with a higher customer focus as well as to avoid strong voices 
and subjective interpretations. When applying AHP, the 
amount of pairwise comparisons that had not been guessed for 
each CN (k) is considered to calculate the accuracy of the 

4):

(4)

A pairwise comparison is guessed when (a) cross-
functional team members have significantly different opinions 
on the comparison or (b) a pairwise comparison is defined 
without the use of any relevant customer information. By 
identifying guessed pairwise comparisons new customer 
research techniques can be established to identify the required 
information (from the designer’s perspective).

IV. CASE STUDY

The proposed methodology is tested by a car manufacturer 
that is developing an electric vehicle (EV). More specifically 
the focus is on the balancing of electric consumption of an EV
for the Swedish market. Due to confidentiality reasons, no 
figures regarding the specific definition of customer needs that 
resulted from the p-diagram will be presented in this section; 
instead, it will focus on the amount of information that team 
members identified as critical and necessary for the target-
setting stage when using such tools. To carry out the project, a 
cross-functional team of experts from different disciplines such 
as battery, climate, driving experience as well as marketing is 
formed. The project is divided in 8 full-day workshops. The 
author has participated in all workshops in order to follow up 
the process and provide guidance. Some distance meetings 
were also carried out during the process. In order to identify the 
benefits of the proposed methodology, differences between the 
company process before (t0) and after using the proposed 
methodology (t1) are presented in the next subsections.

The starting point was Workshop I in which a set of general 
customer needs relevant to the balancing of electric 
consumption of an EV was presented by team members. These 
came from the Voice of the Business as well as market 
research and they corresponded to the following general 
customer needs’ definitions:  Long electric range (CN1), High 
speed (CN2), Fast acceleration (CN3), Robust acceleration
(CN4), Good climate comfort (CN5), Long battery lifetime
(CN6) and Fast charging (CN7). 

A. Company process in t0
During Workshop II the team was asked to define customer 

needs at a measurable level. Team members could provide a 
specific and measurable definition for some (but not all) of the 
needs. This suggested that new information was needed in the 
process and therefore, during Workshop III team members 
presented questions that they believed were needed to define 
customer needs. The author introduced the survey questions 

into EVASYS, which is a survey Automation which is a survey 
automation program, and created a web version. The link to the 
survey was sent to some of the company members for testing to 
validate that such questions were correctly understood.

The final version of the survey was answered by a small 
group of 12 customers from Sweden who owned a Plug-in 
Hybrid Electric Vehicle (PHEV). 12 team members were also 
asked to answer the survey thinking as customers. The idea is 
to compare answers between customers and team members to
identify if deviations from the real customer picture exist, as 
proposed by Isaksson and Karlsson [18]. In order to not affect 
team members’ answers, their answers were also anonymous.

Results show that mean and standard deviation are similar 
for both groups. However, when comparing the answers’ 
distribution per question and group, visual differences can be 
perceived.

Skewness and kurtosis of survey answers’ distribution is 
used in this section to compare group answers. Skewness (sk)
which is a measure of symmetry of the dataset helps to identify 
what is the tendency of the distribution and it therefore 
indicates what survey answer each group is tending to select 
most. Kurtosis (k) is a measure of whether the data are heavy-
tailed (leptokurtic distribution, k>3) or light tailed (platykurtic 
distribution, k<3) relative to a normal distribution (mesokurtic 
distribution, k=3). Note that if the distribution is heavily-tailed 
(k>3) it suggests that group answers are converging to the same 
opinion. This is especially expected for the team members who 
should have a common picture of the customer. If the 
distribution is light-tailed (k<3) it means that there may be the 
possibility for customization in case of customer answers or 
that there is no a common customer picture in case of team 
members answers. Thus, survey answers are classified 
according to the following cases: 

Team members/customers converge in answers 
o Case 1.1: sk=0 and k>3
o Case 1.2: sk>0 and k>3
o Case 1.3: sk<0 and k>3
o Case 2: sk=0 and k=3

Team members/customers have different opinions
o Case 3.1: sk=0 and k<3
o Case 3.2: sk>0 and k<3
o Case 3.3: sk<0 and k<3

Results are shown in Fig. 4 where the proportion of 
questions belonging to each need is indicated in the upper part 
of the figure (e.g. 32% of the survey questions belong to CN1).
q1, q4, q5, q11, q12, q14, q18, q22, q26 have different 
skewness levels (positively, negatively or symmetric) within 
the Diversity category. This suggests that team members have 
different ideas about the customer and that therefore they do 
not share the same customer picture. At the same time this 
indicates that customers have different preferences.

Note also that for q16, q19, q20, q21 and q25, most of the 
customers’ opinions converge to the same answer while bigger 
variation in opinion exists between team members. This 
suggests that while the mean of these questions is similar for 
both groups, team members could have thought about another 
option as the most likely to be answered by the customer. 



Fig. 4: Team members' and customers' answers classification in t0

Contrary, in q24 team members opinion converge while 
customers show differences in opinion. Lastly, when 
comparing the skewness level of group answers belonging to 
the same case (e.g. q.2) results show that 30% have a big 
difference in skewness level. As a result, 63% of the questions 
provide new information from the customer since they have 
been answered differently by customers and team members.

This suggest that when team members were designing 
survey questions they were not sure of what customer 
information was available or missing internally in the 
company. Moreover, during the design of survey questions the 
process did not involve any creative process to identify lack of 
customer information. This highlights (even more) the need for 
strategies that can help designers to identify what customer 
information is relevant.

B) Company process in t1
In Workshop V an introduction to the p-diagram tool was 

given to the team members who then adapted the nomenclature 
to their company vocabulary to avoid misunderstanding. In the
second part of Workshop V and first part of Workshop VI the 
p-diagram was applied for each of the identified customer 
needs. To do so, team members were asked to discuss each of 
the customer needs by filling in the gaps of a document 
representing Fig. 2. To avoid misunderstandings CN5 was 
split into: steady-state climate comfort (CN5.1) and defroster 
performance (CN5.2). Meanwhile the parameters of the p-
diagram (i.e. noise factors) were identified a list with all the 
required information (from the designer’s perspective) was 
created. Fig. 5 represents the proportion of required 
information for each of the customer needs. One can see that 
big part of the required customer information corresponds to
CN6 (battery lifetime). Since battery lifetime is a consequence 
of environmental conditions and customer’s way of using the 
product in different situations, part of the information required 
in CN6 is also obtained from other customer needs such as 
CN3 and CN4. 

Fig. 5: Required customer information (p-diagram) 

Note that CN5.1 and CN5.2 have not been included in the 
graph. This is because the persons responsible for climate 
comfort could not participate in the Workshop where the 
required customer information was defined. The curves 
presented in Fig. 3 are used to evaluate each of the required 
customer information identified in the p-diagram and therefore 

T
as shown in (3). During the second part of 

Workshop VI, AHP was introduced to the team members 
whose task was to make the pairwise comparison of the 
customer needs (now defined under a more specific level). As 
in the p-diagram, a list with all the required customer 
information (from the designer’s perspective) needed to 
complete the AHP was also created by the team members.

A final Workshop (VIII) was carried out to present the 
results of the process and to discuss further improvements. The 
strategy followed in the workshop was so that when the 
pairwise comparison between two customer needs could not be 
defined by means of available customer data (from company’s 
database), information required to be able to rank such 
comparison was written down in a table. From the 28 pairwise 
comparisons that the team needed to make, 32% were guessed.

1) Risk indicator

From the results in p-diagram and AHP, 
(and therefore the risk indicator) are calculated (see Before 
survey in t1 in Table 2). Note that the risk of deviating from the 
customer is high for most of the customer needs being the 
highest CN5.2 and CN5.1 this is due to information from the p-
diagram was not gathered due to the missing list of required 
customer information. Taking as an example CN3 which has 
the lowest risk (32%), the table indicates that more customer 
information from the p-diagram ( ) needs to be gathered if the 
risk wants to be dropped since from the AHP is seen that any 
of the 7 pairwise comparisons involving this need were 
guessed. The table suggests that new information should be 
gathered. Customer information gathering techniques to 
improve required customer information in the p-diagram as 
well as AHP are needed.

Due to confidentiality reasons involving required customer 
information identified in the p-diagram and in order to 
exemplify the proposed methodology, the guessed pairwise 
comparisons (AHP) are used as a starting point to design new 
survey questions. 

TABLE 2: RISK PARAMETERS BEFORE AND AFTER SURVEY IN T1

CNi
Before survey in t1 After survey in t1

T R (%) T R (%) 
CN1 0,387 0,430 53% 0,387 0,930 35%

CN2 0,418 0,710 38% 0,418 1 32%

CN3 0,418 1 32% 0,418 1 32%

CN4 0,314 0,430 58% 0,314 0,930 42%

CN5.1 0 1 70% 0 1 70%

CN5.2 0 0,570 81% 0 1 70%

CN6 0,269 1 46% 0,269 1 46%

CN7 0,418 0,430 44% 0,418 0,964 32%

2) Identifying missing customer information

The number of questions is approximately the same for t0 
(30 questions) and t1 (32 questions) and the proportion of total 



questions is more or less maintained for most of the needs (see 
Fig. 6). However, 57% of the questions are new (24% for CN1, 
7% for CN2-CN4, 10% for CN5 and 18% for CN7). The 
survey was sent to 75 customers leasing an electric vehicle 
(EV) in Sweden. The answer rate was of 75%. In order to 
compare answers between customers and team members, team 
members were asked to answer the survey in this case where 7
of the 12 team members answered it.

In this case, mean and standard deviation of each question 
are also similar for both customers and team members. Note 
that in this case there is diversity of opinions for each question
and group (see Fig. 6). This suggests from one side that 
customers have different preferences and that team members 
have different conceptions of the customer picture. That can be 
in fact a drawback during the decision making since the 
existence of strong voices in the team can lead to wrong 
decisions. More specifically, team members and customers 
differ in q1, q2, q9, q11, q15, q20, q21, q22, q23, q24, q25, 
q26, q30. When comparing the skewness level of team 
members and customers answers belonging to the same case 
(e.g. q.3) results show that 53% have a big difference in 
skewness level. Thus, as an overall one can see that 72% of the 
questions provide team members with new information.
Comparing this value with the one obtained in the company 
process in t0 one can see that survey questions generated in t1 
provide more customer information to team members.

Fig. 6: Team members' and customers' answers classification in t1

Moreover, since the guessed pairwise comparisons carried 
out in the AHP were used as basis to design the survey 
questions in t1, these were validated by means of the survey 
results. 78% strength levels for the guessed pairwise 
comparisons were changed and the guessed pairwise 
comparisons were reduced from 32% to 7%. Moreover two 
pairwise comparisons that designers were sure about (and 
therefore not considered as guessed) were seen afterwards to be 
incorrect and their value to the AHP was inverted. This 
suggests that the decision matrix of the AHP should be filled in 
more carefully.

All these changes resulted in new prioritization values for 
the balancing of electric consumption and at the end in new 
risk values (see After survey in t1 in Table 2). Note however 

T
will remain the same since customer information 

gathering strategies according to the required customer 
information identified in the p-diagram has not been in focus 

due to confidentiality reasons. W
see that risk drops majorly for CN1 and CN4 while the risk for 
CN3 and CN6 has remained the same because 
one. Required customer information in the p-diagram (which 
majorly comes from sensor data and relates to customer way of 
using the product) is needed to significantly drop uncertainty.

V. DISCUSSION

Results show that the proposed methodology helps 
designers to identify what customer information is relevant to 
analyze regarding the balancing of users of an EV. In fact, 
more than 50% of the questions in t1 are updated from the 
survey version designed in t0. A weakness in the process was 
the lack of participation from the climate comfort group when 
defining required customer information in the p-diagram. This 
is in fact translated into the relevancy of the data, which 
corresponds to 0 for CN5. In addition, when evaluating 
required customer information according to its context and 
newness levels, the company did not have any established 
strategy to search in company databases. This not only 
increases risk of missing customer information, it is also time 
consuming. While the management of databases has not been 
in focus in this article, it is of interest in order to optimize the 
search. 

VI. CONCLUSIONS

This article presents a novel way for companies to reduce 
uncertainty in early stages of the product development process 
by identifying what customer information is relevant to the 
target setting, given a set of customer needs. 

In the methodology, uncertainty is defined as the designers’ 
risk of deviating from the customer picture and corresponds to 
the furthest distance between actual designer knowledge about 
the customer and complete customer picture. To calculate it, 
two parameters are considered: the relevancy of available 

means of the p-diagram, which is used to identify those factors 
that the designer cannot change (i.e., noise factors) and that 
belong to the customer world, i.e., customer environment and 
customer way of using the product. By evaluating the required 
customer information according to its context level (from 
market/other markets, competitors/company products) and 
newness 
When the relevant customer information is identified, the AHP 
is used to calculate customer needs prioritizations and to 
identify the accuracy of such preferences. To do so, guessed 
pairwise comparisons are highlighted. 

By identifying noise factors (p-diagram) and guessed 
pairwise comparisons (AHP) the time spent to search for new 
information is reduced, since a focused customer information 
gathering strategy is established. In addition, if such 
information does not exist in company database, more specific 
customer information gathering techniques can be established. 

Furthermore, the proposed methodology enables a more 
integrated product development process in which marketers, 
designers and engineers are involved in consumer research 



techniques. This will contribute to more insightful customer 
information for parties other than marketers, and products will 
be developed with greater certainty. While the p-diagram and 
AHP will always be updated, so that new information comes 
into the company database, the uncertainty risk will serve as a 
threshold for deciding when product specifications can be
defined under minimized risk. Lastly, since and are 
considered to be equally important in this article, future 

 to the risk 
assessment formulation are of interest.
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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 

 Correlation between the kth and the jth DR 

 Customer Satisfaction for the cth customer 

  Prioritization of the ith CN 

DR Design Requirement (Engineering Requirement) 

G Constant to obtain a suitable scale to represent target 

fulfillment 

  Quality loss coefficient for the jth DR 

  Target function for the jth DR and cth customer 

  Maximum number of DRs 

  Maximum number of CNs 

  Performance function of the jth DR for the cth 

customer 

  Relationship between the ith CN and the jth DR 

  Normalized relationship between the ith CN and the 

jth DR 

  Target value for the jth DR 

   Target fulfilment function of the jth DR for the cth 

customer 

  Mean Target Fulfilment of the jth DR for the cth 

customer  

  Contribution to customer satisfaction for the jth DR  

  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: 

motivations, experiences and expectations, and therefore 

artefacts will be interpreted in different ways by different people 

in different contexts.  

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 (  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 
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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 ( ) for the product to be launched, 

based on target values from previous launched 

products.  

 Maximum positive and negative variation, ( ), 

from  that was decided in the design process as 

acceptable range.  

To define the strength of the relationship  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  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 ( ) by normalizing Rij (Eq.(2)) in order 

that . 

� �� ����
where, according to (23): 

�  � ����
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 

model are assumed to be scaled on a percentage basis of 

fulfillment of the objective targets set for each DR. However, the 

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  stands for the target 

fulfillment of a specific feature and customer.   is obtained 

from data logged from launched products used by customers in 

their own environment. 

� �� ����
Since each customer will have different  levels, different 

values in the HoQ will be generated. This adds a further 

dimension to the planning HoQ since cust

the product is considered. A modified version of the HoQ is 

shown in Fig. 1. 

 
Fig. 1: MODIFIED HoQ 

 

Concretely,  corresponds to the mean value of the target 

fulfillment function: 

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

on  which represents the product measurements of a specific 

customer and DR.  results from the combination of 

, the probability density function to fulfill the specific 

target, and , which corresponds to a quadratic target 

function: 

� � �	��

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

measured performance agrees with the target value, i.e., , 

the target function returns maximum target fulfillment, i.e., G. 

The value k from Eq.(5) is defined as follows:  
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� � �
��

An example of  and the resulting functions is 

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

within the maximum positive and negative variation of the target 

value . 

 
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 (  to the total 

customer satisfaction. Thus, DRs with higher  values and low 

 and/or high  variation among customers are of highest 

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

resources to improve , 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 

s not delivering what the 

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, 

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 

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: 

 : Comfort temperature inside the cabin 

 : Automatic control  

 : Manual control 

 : Low noise 

 : 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 

takes to heat/cool the compartment to an initial comfort 

temperature. Thus: 

 : Stable cabin temperature 

 : Cooling/heating time 

 : Driving Comfort 

 : Auto function ON 

 : Air conditioning ON 

 : Manual fan (operating time) 

  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 values 

defined for each DR of the launched products. 

 

Table 1: UPPER AND LOWER LIMITS FOR EACH DR  

    

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% 

 

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.  is assumed to be fulfilled at 

most 900 s and the customer must be able to sit in a car in which 

 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  and  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

for the entire journey that the feature is used while  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 
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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 

       

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,  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 , 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  (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  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 

f 

the auto when it does that , 

 is doing.  or 

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 

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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A B S T R A C T

Customers commonly share opinions and experiences about products via the internet by means of social media
and networking sites. The generated textual data is often analysed by means of Sentiment Analysis (SA) as means
to assess customer opinions on product features more efficiently than through surveys. To enable a more ob-
jective product target setting, the impact of product feature performance changes on customer satisfaction is
essential. Kano et al. (1984) presented a survey-based model to classify product features based on their impact on
customer satisfaction to aid designers in their product target setting. Approaches extending the Kano model rely
on customer surveys as input data. In addition, existing studies classifying extracted product features from
textual data (e.g. product reviews) rarely provide a clear separation in terms of Kano categories. Thus, the impact
of identified product features on customer satisfaction remains unknown to product designers. This paper pre-
sents a methodology for autonomously classifying extracted aspects from textual data into Kano categories. For
verification purposes, two examples using coffee machine and smartphone user reviews are presented. Results
indicate that the proposed methodology efficiently provides product designers with insightful customer in-
formation through the proposed aspect categorization.

1. Introduction

Time-to-market is constantly decreasing. In turn, companies with
customer-oriented strategies need effective techniques for gathering
customer-focused information in order to remain competitive in the
market. Traditional tools used today to gather customer information
(such as surveys and interviews) are time-consuming and costly (Jiang,
Liu, Ding, Liang, & Duan, 2017).With the continuous expansion of the
World Wide Web (WWW) and growth in social media networks, users
share their personal experiences and opinions about places, products
and services in, among others, reviews, forums and blogs as well as in
social networking sites such as Facebook (Ahlqvist, Bäck, Halonen, &
Heinonen, 2008; Rana & Cheah, 2016).

This large volume of user-generated data is available in different
formats (text, audio, visual, etc.) and allows companies to generate
meaningful information for decision-making by means of data analytics
(Gandomi & Haider, 2015); e.g., to identify different brand commu-
nities (Habibi, Laroche, & Richard, 2014; Kamboj, Sarmah, Gupta, &
Dwivedi, 2018; Shirdastian, Laroche, & Richard, 2017), to assess cus-
tomer reactions after the launch of new products (Lipizzi, Iandoli, &
Marquez, 2015), for marketing purposes (Alalwan, Rana, Dwivedi, &
Algharabat, 2017), as well as to understand what product features are

valued most by users (Tucker & Kim, 2011; Xu, Wang, Li, & Haghighi,
2017). The latter is often obtained through the analysis of textual data
(e.g., user reviews), which is considered a valuable customer informa-
tion source (Farhadloo, Patterson, & Rolland, 2016; Medhat, Hassan, &
Korashy, 2014; Rana & Cheah, 2017a).

Sentiment Analysis (SA) is one of the techniques most commonly used
to analyse textual data. In general terms, SA is the computational treat-
ment of opinions, sentiments and subjectivity of text and it is an ongoing
field of research in the text mining field (Medhat et al., 2014). In the field
of SA, ‘aspect’ is understood as the target entity that an opinion holder
expresses an opinion upon (Liu, 2011). For instance, in the review sen-
tence ‘the touch screen is really cool’, ‘touch screen’ refers to the aspect
while ‘really cool’ refers to the (positive) sentiment of ‘touch screen’. In the
context of product development, many studies consider the set of aspects
as a means to represent product features discussed by users. Aspect-based
SA can therefore provide designers with useful information during the
early stages of the development process, since product features which
customers express opinions about can be identified and linked with sen-
timent orientation (positive/negative).

Kano et al. (1984) noted that different types of product features
affect customer satisfaction differently and proposed a model to classify
product features according to their impact on customer satisfaction. In
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this model, product features that the customers expect in a product thus
making customers feel dissatisfied without its existence are categorized
as must-be; product features that customers expect and request are ca-
tegorized as one-dimensional and product features that the customer
does not expect and that positively surprise them are categorized as
attractive. To assess these categories, Kano et al. (1984) proposed the
use of customer surveys. Classifying product features into the Kano
categories provides designers with valuable information that can be
used when designing new products or when improving existing ones
(Violante & Vezzetti, 2017). Different approaches have been proposed
to extend the Kano model, most of which rely on input data obtained
from customer surveys (Berger et al., 1993; Clegg, Wang, & Ji, 2010;
Wu & Wang, 2012)

According to Liu et al. (2017), the impact of product feature levels
in customer satisfaction is reflected in social media. This highlights the
possibility of classifying product features mentioned in social media
into Kano categories without the need to design a survey. This in turn
could lead to time savings on customer research activities and a po-
tential gain in customer knowledge. Few studies provide a classification
of extracted product features from online textual reviews of which the
aim is to provide product designers with relevant information (Jiang
et al., 2017; Liu et al., 2017; Tuarob & Tucker, 2015; Tucker & Kim,
2011). However, to the best of the authors’ knowledge, the classifica-
tion of aspects into Kano categories has not been addressed in research.

Hence, this paper aims to derive a methodology for how to classify the
set of extracted aspects (previously obtained through aspect-based SA) in
terms of the must-be, one-dimensional and attractive Kano-categories. The
purpose is, by use of this methodology, to improve the target setting
process for design teams in terms of objectivity, accuracy and efficiency.
The proposed methodology was developed following the design research
methodology strategy (Blessing & Chakrabarti, 2009). Thus, a descriptive
as-is study was conducted to retrieve the state of the art about existing
aspect-based SA as well as approaches for how to provide product de-
signers with relevant customer information based on text data. This study
was conducted through an extensive literature review which is summar-
ized in Section 2. Based on the as-is situation, a methodology in which
user reviews are used to automatically classify aspects into Kano cate-
gories was prescribed (see Section 3). To show the benefits of the pro-
posed methodology, a case study (descriptive) with two examples has
been conducted (see Section 4). The discussion of the results is presented
in Section 5, followed by conclusions and future work in Section 6.

2. Theoretical background

One of the most challenging tasks in aspect-based SA is aspect ex-
traction, where different techniques have been used by different au-
thors (Rana & Cheah, 2016). These techniques can generally be divided
into supervised, semi-supervised or unsupervised. When labelled data
are not available, unsupervised techniques for aspect-based SA are
used. Frequency-based (Hu & Liu, 2004; Popescu & Etzioni, 2007; Quan

& Ren, 2014), bootstrapping (Bagheri, Saraee, & de Jong, 2013; Li, Qin,
Xu, & Guo, 2015) and also heuristic or rule-based (Rana & Cheah,
2017b) are some of the most frequently used techniques. Section 2.1
provides a summary of some of the most relevant work done on aspect-
based SA with emphasis on unsupervised techniques. The reason is that
labelled data are often not available in most of the companies and re-
quire large amount of resources to create. The Kano classification of
product features is introduced in Section 2.2 and studies providing a
classification of existing aspects representing product features are re-
viewed and compared with the proposed Kano categories.

2.1. Aspect-based sentiment analysis

Aspect-based SA was studied by Hu and Liu (2004), who proposed
extraction of all frequent aspects (i.e., most expressed) from customer
reviews and then finding opinion words associated with them. It was
observed that noun/noun phrases represent any aspect in a sentence
(Hu & Liu, 2004; Rana & Cheah, 2016). Thus, those noun/noun phrases
with frequencies higher than a threshold were considered as aspects.
The nearest adjectives to those aspects were considered as a potential
opinion words. However, according to Hu and Liu, not all aspects are
frequent. Thus, the authors used the previously identified opinion
words to find low-frequency aspects. To do so, the closest noun to the
previously identified opinion word was considered. To identify the
sentiment orientation of the opinion word, Senti-WordNet was taken as
a basis. Popescu and Etzioni (2007) modified the technique presented
by Hu and Liu (2004) by increasing the precision of aspect extraction.
To do so, the authors computed Pointwise Mutual Information (PMI),
which is a measure of co-occurrence between two words. Instead, Quan
and Ren (2014) claimed that in a certain domain review corpus, a
domain-specific aspect (e.g. ‘photo quality’) has closer association with
the domain entity of the current corpus (e.g., ‘camera’) than with an-
other domain entity of a comparative domain corpus (e.g., ‘mp3′). To
identify aspects that were highly associated with domain words, the
authors proposed a new term similarity measure PMI-TFIDF, which
combines PMI along with Term-Frequency Inverse Document Fre-
quency (TF-IDF) weight, which is a numerical statistic which reflects
how important a word is to a document in a corpus (Salton & Buckley,
1988). Later, dependency parsing, which provides connections between
different words in the sentence, was used to link aspects to corre-
sponding opinions (Y. Wu, Zhang, Huang, & Wu, 2009). Only those
aspects whose maximum distance from a potential opinion word was
lower than a threshold are considered for further analysis. In addition,
aspects whose PMI-TFIDF was less than a threshold value were filtered
from the set of aspects list. Lastly, to identify the polarity of the opi-
nionated words, General Inquirer1 was used as a sentiment lexicon to
decide whether an opinion word was positive, negative or neutral.

Nomenclature

ip Decision variable. = 1ip if the ith aspect has been men-
tioned by the pth product brand

Ai ith extracted aspect
AFi Proportion of user reviews mentioning Ai
AFpi Proportion of user reviews of the pth product brand men-

tioning Ai
PBDi Product Brand group Dominance for Ai
Ei Equality in volume of discussion between product brand

groups that have mentioned Ai
Fi Number of user reviews from the whole dataset/corpus

that mention Ai

Fpi Number of user reviews of the pth product brand that
mention Ai

kp Number of user reviews of the pth product brand
m Total number of extracted aspects
n Total number of identified product brands
Oi+ Number of user reviews that positively mention Ai
Oi− Number of user reviews that negatively mention Ai
Opi+ Number of user reviews of the pth product that positively

mention Ai
Opi− Number of user reviews of the pth product that negatively

mention Ai

1 http://www.wjh.harvard.edu/∼inquirer/ (accessed November 2017)
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Bagheri et al. (2013) proposed a bootstrapping algorithm approach
which needs an initial seed of aspects. In addition, an A-score metric
was introduced by the authors to identify the inter-relation (i.e., co-
occurrence) information between candidate aspects and thus score
them. The candidate aspects with the highest A-score were then in-
cluded in the seed of aspects after each iteration until a final list of
aspects was defined. Lastly, Rana and Cheah (2017b) proposed a two-
fold rule-based model to extract aspects associated with domain-in-
dependent and domain-dependent opinions. The proposed aspect ex-
traction methodology was based on the idea that it is not sufficient to
solely rely on nouns for selecting appropriate potential aspects. The
reason is that the Part-of-Speech (POS) taggers (e.g., Standford POS
tag2), which tag each word of a sentence according to its relationship
with the adjacent or related word, can become less accurate, since
customer reviews do not usually follow grammatical or language rules.
For instance, the aspect of the sentence ‘excellent sound quality’ should
be sound quality; however, POS tags may refer to ‘excellent’ and ‘sound’
as adjectives. Thus, the authors proposed a set of sequential pattern-
based rules and a set of seed opinion words as input to identify can-
didate aspects. Thus, if an adjective associated to a noun was not opi-
nionated (e.g., ‘sound’), such an adjective was considered to belong to
the noun (e.g.,’ quality’), thus forming a noun phrase (e.g.,’ sound
quality’). From the list of candidate aspects obtained, those that did not
meet a minimum threshold were deleted, although they were se-
mantically similar. To calculate similarity among the different aspects,
the authors used Normalized Google Distance (NGD) instead of calcu-
lating the similarity through WordNet, as is done in most similar stu-
dies. NGD uses Google as the search engine and calculates the similarity
between two terms on the basis of hits returned by Google.

2.2. Categorization of product features for product development

Kano et al. (1984) stated that customers have different attitudes to-
wards different product attributes because they have different intensities
of impact on customer satisfaction. With the aim to develop products that
result in high customer satisfaction, the authors proposed a questionnaire
to qualitatively assess the impact on customer satisfaction based on dif-
ferent levels of product feature performance. For each product feature of
interest to analyse (previously identified by product designers), a func-
tional and dysfunctional question is asked. Results from the questionnaire
are used to classify the product features into different categories. The
three basic categories are defined by Kano et al. (1984) as:

• Must-be (M), which refers to product features that are not men-
tioned unless they are not included or fulfilled as expected; thus,
generating strong dissatisfaction
• One-dimensional (O), which refers to product features that custo-
mers expect and request; thus, increasing customer satisfaction as
product performance increases and vice versa
• Attractive (A), which refers to product features that customers do not
expect in the product but it would positively surprise them if existing.

Aiming to provide relevant information for product development,
some authors have also proposed different categorization strategies to
classify customer information from available text data (see Table 1).

For instance, Tucker and Kim (2011) present a preference trend
mining algorithm to capture emerging customer preference trends on
product features based on time series customer data. Based on that trend
algorithm, product features are classified as obsolete, nonstandard and
standard. Tuarob and Tucker (2015) propose a methodology to identify
latent (attractive) product features and in turn lead users that pose in-
novative ideas for future product design. To identify potential attractive
product features, the aspects identified from social media are compared

with existing product features (previously extracted from product speci-
fication documents). The aspects not matching with existing product
features were considered candidate attractive product features. The au-
thors consider a product feature to belong to a latent need if the condi-
tions shown in Table 1 occur. Other studies instead propose a multi-class
classification model based on the linguistic features (i.e., characteristics of
the review), social features (i.e., social attributes of the reviewers), sen-
timent features (i.e., positive/negative/neutral) and distinctive terms
(e.g., frequency of the words) of a set of product reviews (Jiang et al.,
2017; Liu et al., 2017). In order to make such classification effective a set
of labelled reviews must first be created. The multi-class classification
model classifies a review into one of the three categories based on the
conditions outlined in Table 1.

By mapping the Kano categories to the ones proposed by the pre-
viously reviewed studies it can be concluded that the proposed cate-
gories cannot separately address the three main Kano categories (see
Table 1). For instance, descriptions belonging to the must-be (M) CNs
could also imply one-dimensional CNs if the product feature they are
referring to does not fulfil customer expectations. Similar reasoning can
be made for the rest of the categories. This illustrates the need for a
more accurate categorization strategy that allows product designers to
identify how product features impact customer satisfaction.

3. Proposed methodology

An overview of the proposed methodology is shown in Fig. 1. Note that
although the process is formed by five sequential steps, the scope for this
paper is Step 5. Thus, the general output of aspect-based SA (generated from
the reviewed studies in section 2.1) is formulated in Step 4 and analysed
from the perspective of Kano categorization in Step 5 (see Fig. 1).

3.1. Decide the target product (Step 1)

At the beginning of the product development process, team mem-
bers often identify product opportunities based on benchmarking data
and market research strategies (Ulrich & Eppinger, 2012). Some studies
have explored how to identify new product opportunities based on
social media data (Jeong, Yoon, & Lee, 2017). Once a new product idea
is accepted by cross-functional team members, a new project in the
company is created and the target product is taken as a starting point to
search for information. Here, target product refers to a product existing
in the market but not yet developed by the company (i.e., disruptive
product development) or an existing product developed by the com-
pany and launched in the market (i.e., incremental product develop-
ment).

3.2. Data gathering (Step 2)

Since the proposed methodology is intended to be applied in the context
of the product development process, user reviews related to the target
product are of particular interest. Product review data can be obtained from
traditional sources and dealers’ interview notes. However, large amounts of
information are available on social media. Social network sites and micro-
blogging sites are in fact considered a good source of information because
people share and discuss their opinions about a certain topic freely (Medhat
et al., 2014a). Product reviews fromwebsites such as Amazon or Twitter had
been widely used by many studies. To gather such data, web crawling
techniques and open application programming interfaces provided by social
media services such as Twitter3 are often used (Jeong et al., 2017). Due to
the complexity of social media data retrieval, web scraping tools such as
ParseHub4 are proposed, since some of them are freely available and provide
a user interface that can help company members to extract textual data.

2 https://nlp.stanford.edu/software/tagger.shtml (accessed November 2017)

3 e.g. https://developer.twitter.com/ (accessed November 2017)
4 www.parsehub.com (accessed January 2018)
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3.3. Data pre-processing (Step 3)

To extract useful information from the set of user reviews, terms
that may be irrelevant or too generic for textual analysis are removed.
Some of the most common terms to remove are onomatopoeic words
(e.g., ‘haha’), website links, HTML entities (e.g., ‘R&ampD’), emoticons
(e.g., ‘^^’, ‘:)’) as well as stop words (e.g., ‘the’, ‘and’, ‘is’). Although
different methods can be used to remove stop words, a precompiled list
of stop words is often used as a basis for comparison (Vijayarani,
Ilamathi, & Nithya, 2015). Today, packages with built-in functions
helping users to remove the previously mentioned word types can be
used in many computing environments such as the Natural Language
Toolkit5 in Python or the text analytics toolbox6 in Matlab.

At the end of such pre-processing techniques, text data are divided
into sentences for each review and product brand group (see Fig. 1). For
instance, user reviews referring to Nespresso or Delonghi belong to two
different groups, since they refer to two different product brands for
coffee machines. Only opinionated sentences expressing positive or
negative sentiments are considered further for the analysis. This

information is used as input in aspect-based SA. User reviews from
websites such as Amazon can be directly associated to a particular
product brand group. However, the task of clustering user reviews into
the specific product brand they are giving an opinion upon can be
challenging if data are retrieved from blogs, since comparisons between
different product brands are often made. Named-entity recognition is
one of the strategies most often used to extract product brands from
text. In addition, some user reviews may contain information related to
the target product without referring to a particular product brand. This
information, while belonging to an unknown product brand, needs to
be considered in the analysis, otherwise there is a risk of missing at-
tractive needs when large amounts of data are not included (see Fig. 1).

3.4. Aspect-based SA (Step 4)

Based on the literature review provided in Section 2.1, the common
output of any aspect-based SA consists of:

… …+A F O O i m p n{ , , , } (1, , ) , (1, , )i i i i

where Ai corresponds to the ith extracted aspect and Fi the Frequency
(counts) of the ith aspect, i.e., the number of user reviews that have
mentioned Ai. +O O,i i refer to the proportion of times that Ai has been
positively and negatively mentioned, respectively. Note that A F,i i and
+O O,i i are calculated taking into consideration all the user reviews at

Table 1
studies addressing the classification of product features from the designer perspective.

Author: Proposed categories: Kano categories

Jiang et al. (2017) Product-defect-related They describe quality problems that are related to existing product features. (negative sentiment and
has a high attention)

M / O

Product-comparison-
related

More than one product is mentioned (comparison)
Longer descriptions High diversity of sentiment

O

Product-idea-related Use of more verbs and nouns in a positive manner Use pictures to show their product modifications to
adapt it to their new needs

O / A

Liu et al. (2017) Quality-defect-related Reviews addressing product defects and customer complaints (negative sentiment) M / O
Quality-expectation-
related

Reviews addressing one-dimensional attributes, thus customers know about products based on
existing product specifications

O

Attractive-quality-
related

Users talk about needs often encountered during the use of the product and thus they will express their
ideas and suggestions for fulfilling the new needs in the reviews.

A

Tuarob and Tucker
(2015)

Latent needs Product features not matching with already existing product features with high frequency of being
mentioned by a lead user and a low feature frequency across a wide range of product brands

A

Tucker and Kim (2011) Relevant Inclusion/exclusion of the product attribute over time systematically varies the customer need
prioritization

O / A

Irrelevant (Obsolete) Inclusion/exclusion of the product attribute over time is not systematically influencing the customer
need prioritization (can be omitted in next product design)

–

Irrelevant (Non-
standard)

Inclusion/exclusion of the product feature over time is not systematically revealing a discernible
relation to the customer need prioritization (i.e., customers may not yet be aware of or may be
sceptical of)

A

Irrelevant (Standard) Inclusion/exclusion of the product attribute over time systematically influences the customer need
prioritization vital to product design

M

Fig. 1. Overview of the proposed methodology.

5 https://www.nltk.org/ (accessed January 2018)
6 https://www.mathworks.com/products/text-analytics.html (accessed

January 2018)
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once. However, Fiand +O O,i i parameters can be also calculated for a
particular product brand. For instance, how often an aspect Ai has been
mentioned by user reviews of a particular product brand (i.e., Fpi).
When referring to the product brand level a sub-index ‘p’ (e.g., Fpi) will
be indicated in the parameters (see Step 4 in Fig. 1).

3.5. Kano categorization (Step 5)

The proposed Kano categorization of extracted aspects depends on
AFi, PBDi and Oi metrics (see Fig. 2).

AFi represents the relative frequency of Ai in the whole dataset (i.e.,
proportion of user reviews mentioning Ai independently of the product
brand that they refer to). AFi is calculated as shown in Eq. (1)

=
=

AF F k/i i p

m
p1 (1)

where Fi is the number of user reviews that have mentioned Ai and kp
the number of user reviews belonging to the pth product brand.

Product Brand Dominance (PBDi) is a measure to indicate the pro-
portion of product brand groups that have majorly mentioned Ai. Thus,
PBDi close to 1 means that Ai has been more or less equally mentioned
by all the product brand groups, while PBDi close to 0 means that Ai has
been majorly mentioned in one product brand group. PBDi is calculated
as shown in Eq. (2)

=
=

PBD E m*( / )i i p

m
pi1 (2)

where = m( / )p
m

pi1 represents the proportion of product brand groups
whose reviews have mentioned Ai at least once. The weighting factor Ei
depends on whether the different product brand groups had been
equally mentioning Ai (Ei= 1) or not (Ei< 1). To calculate the Ei
weight, Eq. (3) is used.

= =

= = …

E
AF

AF* maxi
p
m

pi

p
m

pi p m
pi

1

1 1, , (3)

As an example, for a set of user reviews where 4 different product
brands are identified (m=4), if only user reviews of 2 product brands
have mentioned a given aspect Ai, then one can say that 50% of the
product brand groups have mentioned Ai at least once in their reviews.
PBDi will approach 50% only when both groups have mentioned them
in proportion to the equal amount of times (i.e., Ei 1). Instead, if one
group has mentioned it more times than the other, then Ei< 1 and thus
PBDi will approach 1/4, meaning that Ai is majorly mentioned by one
product brand group although it is mentioned by many more.

Taking Kano category definitions as a basis, aspects are classified
into A, O and M categories based on the above-described metrics:

• Attractive CNs refer to product features that customers do not expect in
the product but it would positively surprise them if existing (Kano,
Seraku, Takahashi, and Tsuji, (1984). This suggests that attractive
product features are not mentioned by customers unless they exist in
the product being reviewed. Therefore, aspects representing at-
tractive CNs are expected to be mentioned in a positive manner (i.e.,
Oi+≠ 0 and Oi−=0) but majorly in user reviews of few product
brands (i.e., PBDi low), since not all products brands have yet im-
plemented such an attractive feature. See ‘A’ circle in Fig. 2.
• One-dimensional CNs refer to product features that customers expect and
request; thus, increasing customer satisfaction as product performance
increases and vice versa (Kano et al., 1984). These are the product
features in which companies compete. Thus, aspects representing
one-dimensional CNs are highly mentioned (AFi high) across the
different product brand reviews (PBDi high), since these are related
to existing product features in a wide range of performance. In ad-
dition, depending on the performance level of a specific product and
the customers’ expectations, both positive and negative sentiments
(i.e., Oi+≠ 0 and Oi−≠0) will be present. See ‘O’ circle in Fig. 2.

• Must-be (M) CNs refer to product features that are not mentioned unless
they are not included or fulfilled as expected; thus, generating strong
dissatisfaction (Kano et al., 1984). Product features classified in this
category must be included in order to assure an entry into a market.
Since most of the product manufacturers fulfil must-be needs, as-
pects belonging to this category will not be highly mentioned in the
user reviews of most of the customer groups (PBDi low). Instead, an
aspect Ai will be classified as must-be when it is highly mentioned in
a negative manner (i.e., Oi+= 0 and Oi−≠0) in the user reviews of
few (if not only one) product brands. See M circle in Fig. 2.

Note that Fig. 2 represents the scenario when large datasets (i.e., lot of
reviews and product brand groups) are considered. Therefore, aspects
associated to A and M categories will often result in low AFi value because
they are expected to be mentioned by few product brand groups (i.e.,
PBDi low). As a result, Fi will tend to be low compared to aspects highly
mentioned by most of the product brands, thus generating low AFi.

Note also that the set of aspect candidates of Kano categories will
rarely be located in the extremes of the figure (i.e., A, O and M in
Fig. 2). Instead they will be spread in the figure area due to the
transformation of product features over time from attractive to must-be.
According to Kano et al. (1984), this transformation is driven by cus-
tomer expectations as well as competitors’ product targets. The product
feature transformation over time is also shown in Fig. 2. That is, an
attractive product feature first generates positive sentiment among
those users that experience it. However, once most of the product
brands adopt it, such a feature becomes one-dimensional, since users
expect it to be implemented in the product and in turn will talk about it
in their reviews (from ‘A’ to ‘O’ in Fig. 2). Once the product feature
becomes a must, customers stop talking about it, since they expect such
a feature to be implemented in the product (from ‘O’ to ‘M’ in Fig. 2).
This highlights the importance of available historical data to identify
whether an aspect is moving from attractive to one-dimensional (see b1
in Fig. 2) or from one-dimensional to must-be (see b2 in Fig. 2).

A rule-based categorization of aspects into Kano categories is pro-
posed based on a min. and max. PBDi and AFi threshold (see Fig. 3). The
min. and max. PBDi threshold represent the limits to which an extracted
aspect is considered to be widely mentioned by most of the customer
groups (max. PBDi threshold) or rather dominant in few customer
groups (min. PBDi threshold). The AFi threshold represents the pro-
portion among which an aspect is considered to be widely mentioned
across the market. Note that these thresholds will depend on the target
product in focus, the market characteristics, etc.; therefore, they should
be defined by consumer research and market experts within the com-
pany. Lastly, if a specific sentiment condition is required for a given
aspect to be classified into M/O/A category, it is written within
brackets in Fig. 3. Note that aspects located in the upper left side in
Fig. 3 are aspects that are mentioned few times by some, if not all, of the
customer groups. These are not considered in the analysis, as they have
been mentioned few times in most of the product brand groups.

Fig. 2. Proposed Kano categorization based on AFi, PBDi and Oi+/Oi- metrics.
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4. Case study

This section shows the proposed methodology through two different
examples. Each example has a given target product (Step 1) with dif-
ferent product brand/model names selected, its associated number of
user reviews and the source of information (see Table 2). It is assumed
that each user review is posted by a different user. The strategy used to
gather the data (Step 2), to pre-process the data (Step 3) as well as to
extract aspects and its associated sentiments (Step 4) is the same in both
examples. This is summarized in Section 4.1. Results from the Kano
categorization for the examples 1 and 2 are shown in Sections 4.2 and
4.3, respectively.

4.1. Step 2 to Step 4

Users’ review data are retrieved by using ParseHub. Once the data
from the different customer groups are collected, the data are saved in.
txt file format. MATLAB ® is used to pre-process and analyse the text
data. During the pre-processing stage, the. txt is loaded and rearranged
in sentences. Each sentence is cleaned from HTML entities and emoti-
cons. A matrix to identify to what customer group and user review a
particular sentence belongs is also generated for traceability. Only
opinionated sentences are further taken as a basis. To do so, the lexicon
from General Inquirer is used to create the opinion lexicon. Thus, two
reference vectors, one for positive and one for negative adjectives, are
formed. This corresponds to 1915 positive words and 2291 negative
words. To determine the sentiment orientation of the sentence, these
are initially POS tagged by means of the Stanford POS tagger. Given a
sentence, if adjectives exist they are compared with the pre-compiled
opinion lexicon. Then, if a sentence included more positive adjectives
than negative, the sentence is considered positive and vice versa. Given

the set of opinionated sentences, aspects (Ai) are extracted. To do so,
Algorithm 1 presented by Rana and Cheah (2017b) is adopted. The
reader is referred to Rana and Cheah (2017b) for more details on how
aspect extraction is done. Since some of the identified aspects may re-
present the same word root (i.e., ‘espresso’ and ‘espressos’), stemming is
applied to the set of extracted aspects. To do so, the built-in MATLAB
function normalizeWords () is taken as a basis. Lastly, the sentiment
associated to each aspect (Oi+, Oi−) corresponds to the sum of all the
opinionated reviews where such aspect Ai has been positively and ne-
gatively mentioned. Fi and Fpi are calculated considering the number of
opinionated user reviews mentioning the aspect Ai in whole dataset and
in a given customer group, respectively. Aspects whose AFpi is less than
10% for all the customer groups are removed from the analysis.

In Example 1, 5245 candidate aspects in 2324 opinionated user
reviews were identified. The final set of aspects was reduced to 13 as-
pects after filtering out those that were mentioned by less than 10% of
the customers in each customer group. In Example 2, 1018 candidate
aspects in 279 opinionated user reviews were identified. The final set of
aspects was reduced to 46 aspects after filtering out those that were
mentioned by less than 10% of the customers in each customer group.

4.2. Example 1: Espresso Coffee Machines (Step 5)

A1, A12 and A13 are manually removed from the final set of ex-
tracted aspects because they do not represent any aspect of the product.
The remaining 10 aspects are classified into Kano categories based on
their associated AFi, PBDi and Oi+/Oi− values (see Fig. 4). The AFi and
max PBDi thresholds are set to 0.1 and 0.6, respectively. Since, in this
example, three customer brands (p= 1 to 3) are involved, the min.
PBDi threshold is not used for classification. In addition, aspects with
PBDi values close to 1, 2/3 and 1/3 indicate that the mentioned Ai is

Fig. 3. Rule-based classification of aspects into Kano categories.

Table 2
Available data for Example 1 and Example 2.

Target Product Customer groups (Product brand/model) kp Source of information

Example 1 Espresso Coffee Machines p= 1 Krups EA8250 473 www.amazon.coma

p= 2 DeLonghi ESAM 3300 Magnifica 970
p=3 Breville BES870XL 1842

Example 2 Smartphones p= 1 Apple iPhone 5 s 47 www.phonearena.comb

p=2 Samsung Galaxy S III 113
p=3 Apple iPhone 6 s 31
p=4 Samsung Galaxy S5 71
p=5 Apple iPhone 7 17
p=6 Samsung Galaxy S7 13

a Accessed June 2018.
b Accessed June 2018.
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dominant in the discussion of the three, two or one customer group/s,
respectively.

For the given dataset, results indicate that all the aspects besides A11
belong to the O category. This is because all the aspects are above the
PBDi threshold and have positive and negative sentiment associated to
it (see classification criteria in Fig. 3). Note that the methodology could
not classify A11 into any Kano category. If historical data of user reviews
would be available it would be of interest to study the evolution of such
a product aspect. In addition, A8 is mentioned by all the customer
groups although it is not a dominant aspect in the corpus (AFi< 0.1). In
addition, the sentiment distribution indicates that while it is positively
mentioned by customers of the second and third product brand, a
majority of the customers of the first product brand (Krupps) talk ne-
gatively about such an aspect. Some user reviews mentioning A8 are:
“Coffee Cafe Barista Espresso and Cappuccino Maker, Silver which, despite

good reviews, turned out to be junk that could not even pump water through
coffee” or “It's larger than some other units, but still it is just very narrow
and hard to pour water in without taking it off”.

4.3. Example 2: smartphones (step 5)

26 of the 46 fin. l set of aspects are manually excluded from the
analysis because they do not represent any aspect of the product (see
aspects with assigned Kano categorization ‘- ‘in Fig. 5 (right)). The re-
maining 20 aspects are classified into Kano categories based on their
associated AFi, PBDi and Oi+/Oi− values (see Fig. 5). The AFi and PBDi
max. and min. thresholds required for the categorization are set to 0.1,
0.3 and 0.6, respectively. The methodology could not classify A22, A24,
A25, and A28 into any Kano category, since they did not fulfil any of the
conditions illustrated in Fig. 3.

Fig. 4. Aspect (left) and Sentiment distribution (right) in Example 1.

Fig. 5. Ai Kano categorization based on AFi, PBDi, Oi+/Oi− values (Example 2).
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Note that the product models included in this study are launched in
different timeframes. Thus, it is possible to determine if any of the
identified 20 aspects have changed Kano categories over time (i.e., A →
O→M). The product brands used in this example (see p= 1 to p=6 in
Table 2) are grouped into the product release that they belong to. Thus,
three Kano categorizations are done, one for the release in 2012–2013
(Apple iPhone 5 s and Samsung Galaxy SIII), 2014–2015 (Apple iPhone
6 s and Samsung Galaxy S5) and 2016–2017 (Apple iPhone 7 and
Samsung Galaxy S7). Since two product brands belong to each product
release dataset, the minimum PBDi value will be around 0.5. Given the
same threshold values, aspects are classified into the different Kano
categories. This is shown in Fig. 2, where only 10 aspects are illustrated
for readability purposes. These aspects are A1-A3, A8 and A15-A20.

Fig. 6 shows that users of smartphones from 2012, 2014 and 2016
expect in the product features such as the camera (A2), battery (A3, A14)
and screen (A6). These types of features are classified as One-dimen-
sional and as Kano et al. (1984) stated, they will increase customer
satisfaction as their performance improves. In fact, camera, screen and
battery properties have improved across the studied product over the
years. For instance, iPhone 7 (release from 2016 to 2017), has a battery
that can last up to 2 h longer than iPhone 6 s (release from 2014 to
2015)7.

Note also that A43 (headphone jack) is classified as a must-be and
only appears in the last product release (i.e., 2016–2017). In addition,
the aspect has only been mentioned in user reviews of iPhone 7 (see
Fig. 7). Some of the user reviews mentioning A43 are: “The lack of a
headphone jack is, while not necessarily a deal-breaker, a great incon-
venience as I now have to use a dongle to charge my phone while I listen to
music or podcasts on my commute and on trips”. This indicates that cus-
tomers in 2016–2017 expect the headphone jack in the smartphone
(must-be) and, if it is lacking, they are dissatisfied, which illustrates the
definition of must-be category from Kano et al. (1984). In fact, the new
release (i.e., iPhone 88) has not included the headphone jack but has
provided an adapter which allows connection of the headphone plug
and charging cable at the same time. This illustrates the design solution
adopted for the identified must-be. Similarly, A46 (the home button) is
also classified as a must-be. This is because its performance has changed
compared to previous versions. Some of the user reviews mentioning
A46 are: “…the removal of a physical home button doesn't seem to add
anything, and I really liked the real home button on previous models”.

Lastly, aspects such as water (A41) are classified as attractive by the
proposed methodology. In this case A41 is mentioned across the dif-
ferent product releases and relates to the property of the phone of being

water resistant. Some of the user reviews mentioning A41 are: “its dust
and water resistant, which is good for my active life style”. Note that while
still being mentioned by one customer group, it is more frequently
mentioned in user reviews of the last product. This trend could indicate
that water resistant smartphones would more likely positively surprise
customers if included in the next product generation. The 3D touch
(A37) instead, is an attractive feature that appeared with the products
launched in 2014–2015. As shown in Fig. 6, this feature is still con-
sidered attractive in the later versions (2016-2017). Some of the user
reviews mentioning A37 are: “3D touch is another remarkable feature”,
“The display is bright and crisp, and the 3D touch is just a shortcut to other
functions within an app that would otherwise take 2 or more clicks, con-
venient but nothing special”

5. Discussion

The proposed methodology assumes that: (1) the text data retrieved
are relevant to the design process (see step 2 in Section 3) and (2) the
extracted aspects from the corpus are representative of product features
and customer needs (see step 4 in Section 3). This highlights the im-
portance of pre-processing techniques and selection of suitable aspect-
based Sentiment Analysis (SA) methods to obtain the set of aspects
representative of the user reviews. Such a challenge is, for instance,
illustrated in Example 2 of the case study where 26 of the 46 fin. l sets of
aspects are manually excluded from the analysis because they do not
represent any aspect related to the product (see Section 4.3 in case
study).

Thus, the proposed methodology can be used as basis to evaluate
different existing aspect-based SA methods and thus to identify those
that give more accurate results in terms of Kano categorization. Note
also that some aspect-formulations do not give enough information to
be understood without accessing the related sentences (e.g., ‘’ and ‘’ in
Section 4.3 in case study). To avoid the need to manually read all the
sentences related to an aspect, extractive and abstractive text sum-
marization techniques providing insightful information should be in-
vestigated.

In addition, based on the literature review by Kapoor et al. (2018),
advances in social media research can be divided into seven clusters,
two of which are social network and sentiment analysis research. This
highlights the focus on the research community in computational lin-
guistics, machine learning algorithms as well as natural language pro-
cessing techniques. There is a lack of focus on how such studies can help
to improve existing product development processes. Results from the
presented case study indicate that the proposed methodology is brid-
ging these two worlds together by making the Kano categorization
autonomous by means of text data obtained from online surveys as well
as social media data sources.

Fig. 6. Kano categories for products in 2012, 2014 and 2016.

7 https://www.apple.com/lae/iphone-7/specs/ (accessed August 2018)
8 https://www.apple.com/lae/iphone-8/specs/ (accessed August 2018)

A. Martí Bigorra et al. International Journal of Information Management 46 (2019) 163–172

170



5.1. Contribution to theory/literature

The proposed methodology has a direct effect on the research field
of Kano theory, as it upgrades the existing reference model (Kano et al.,
1984) in the context of Big Data and, more specifically, text data.
Through the proposed methodology, Kano categories can automatically
be assessed i.e., without input from pre-defined closed-survey ques-
tions. Instead, the methodology takes as a basis available text data
generated from social media, open-survey sources, etc.

5.2. Implications for practice

Understanding the potential use of user-generated text data in fu-
ture product design enables subsequent researchers and company
managers to adequately perceive and engage in robust decision-making
in product target setting. Despite the continuous advances in the area of
computational linguistics and sentiment analysis, these studies usually
lack focus on their impact on product development practice. The pre-
sented methodology thus aims to integrate user-generated content to
the traditional, and yet widely used, Kano model to identify high-im-
pact product attributes. This work supports product managers with new
strategies on how to set competitive product targets through user-
generated text data.

From the research perspective, design decision-making is one of the
main research fields that will benefit from the proposed methodology;
more specifically, in the area of customer satisfaction modelling and
product target setting. Today, most of the work aiming to model cus-
tomer satisfaction is presented in the affective design domain (Jiang,
Kwong, Siu, & Liu, 2015; Kwong & Wong, 2008; Kwong, Fung, Jiang,
Chan, & Siu, 2013). Most of these studies require design of specific
surveys in order to be able to provide a relationship model between
design attribute level and their impact on customer satisfaction. That is,
the survey is designed in such a way that customers are able to select
the level of satisfaction related to certain design attributes from a given
range based on the provided affective-dimensions (e.g., “simplicity”,
“uniqueness”, “high-tech”, etc.), often previously identified by a cross-
functional team. On the other hand, the presented methodology is able
to autonomously identify market sensitivity when new product attri-
butes arise in the market. This generates new ways for researchers to
explore customer satisfaction modelling. In addition, as product attri-
butes are autonomously classified according to the Kano categories
(must-be, one-dimensional, attractive), the methodology promotes a
data-driven product target setting, which in turn might reduce the in-
herent subjectivity at early stages of product development.

6. Conclusions and future work

The proposed novel methodology enables aspect categorization
based on the three basic Kano categories (must-be, one-dimensional and
attractive) given the general output that today is obtained through as-
pect-based sentiment analysis. The purpose of the proposed categor-
ization is to improve customer understanding and to provide relevant
customer information to product designers enabling more objective and
accurate product target setting. The case study has presented two ex-
amples with online text data from coffee machines and smartphones.
Results indicate that the proposed Kano categorization criteria provide
insightful information to product development processes. In turn, it
highlights the possibility for companies to identify relevant product
features to the design process without the need to design (Kano) sur-
veys. This will at the end reduce the risk of missing some important
questions as with the proposed methodology the product features
mentioned by customers are taken as basis for analysis instead of a set
of closed questions designed beforehand.

In the future it is of interest to evaluate other text data sources (i.e.,
open surveys, websites, blogs, Facebook, etc.) as well as different input
data sizes in order to explore the potential of the proposed classification
criteria. Potentially attractive product features are difficult to capture
with the proposed methodology, since they are yet not implemented in
existing products and often mentioned by (lead) users who identified
some possibilities for the product to meet or wish to have new features
included in the product. Therefore, aspects representing these needs
will not always be related to product features. Strategies to identify
these types of needs should be explored. Results from the case study
show that historical data of product reviews improves the Kano cate-
gorization, especially on identifying attractive and must-be product
features which arise at a specific time due to unexpected changes in the
product. Lastly, the effects of different AFi and PBDi separation
thresholds, as well as threshold strategies (i.e., by means of statistics),
should be considered in order to provide a more generalized and robust
way to separate must-be and attractive aspects from one-dimensional
aspects.
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