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ABSTRACT 
 
The technological land winnings the past decade have enabled analysis of much larger 
unstructured data sets than before and the analysis of data from new sources, i.e. Internet of 
Things and social media. Some researchers claim that companies that have embraced these new 
technologies, often referred to as big data, are noticeably more successful than their competitors.  
Although data is an inevitable part of product development, it seems that the use of data and 
especially big data within product development of manufactured products has not been 
researched much. 
 
It is therefore of interest to study how data is used within product development of manufactured 
products, which is the aim for this study, as a first step to build knowledge and as a foundation 
for further studies. This research has been conducted through following research questions: 
 

Why is data used within product development of manufactured products?  
What are the characteristics of the data used within product development of 
manufactured products? 

 
The presented findings are based upon a systematic literature review complemented with a 
company interview. This study has been limited to focus on development of manufactured 
physical complex products and services related to these. The literature review includes 78 peer 
reviewed papers published since 2010. The interview was focused on the use of big data within 
the company, which products are sold globally.  
 
Based on the study presented in this thesis, it can be concluded that the reason why data is used 
within product development has two rationales. Either because of learning or describing. 
Learning includes activity (Daft and Weick, 1984) and is needed for design activities, i.e. 
decision making and analysis. Describing is about documenting the product to enable 
collaboration or enabling the reuse of product data at later product development activities, e.g. 
in a later project. The data is characterized by its content and flow. Content describes the data in 
terms of whether it is complex or simple. Complex data requires pre-processing, which is not the 
case with simple data. For example is customer reviews in terms of free text on a web-site 
considered as complex, while numeric data from a sensor is simple. Flow is about the pace of 
the data generation and is described in terms of steady and moving. Steady data is created once 
and not updated. Moving data is continuously updated, it can for example be positioning data 
from the product, which is the case at the interviewed company. 
 
Another finding is that the academic literature is skewed towards theoretical studies, empirical 
research is in minority. It is also of interest that the company collects data without a specific 
purpose because the data can be valuable in future, while in the literature there exists a cause for 
data collection. Several data sources are also used by the company for identifying novel 
correlations, which is common in big data analytics. Not many papers touch upon big data 
methods and none of the papers have studied the use of several data sources within product 
development. The thesis is concluded with proposing more empirical research within the use of 
data within product development, especially in the use of big data methods. 
 
Keywords: data, big data, product development, literature review, company interview 
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1 INTRODUCTION 

This chapter presents the background, problem formulation, the aim for the thesis, the studied 
research question and the limitations.  
 

1.1 Background 

In recent years there has been renewed interest in data, particularly big data. A Gartner survey 
from 2013 stated that 64% of the organizations invested or planned to invest in big data 
technology (Gartner, 2013). The same year presented Bain & Company, a consulting firm, a 
report declaring that the early adopters of big data analytics have outperformed their competitors 
(Pearson and Wegener, 2013). A couple of years later another survey was conducted by IBM in 
cooperation with the Economist and the analysis revealed that companies using big data and 
analytics are 36% more probable to be more successful than their competitors (Marshall et al., 
2015). The objectivity of these surveys can be discussed as the surveyors have a connection to 
the big data business, but they serve well as examples of the increased interest.  
 
In this thesis data refers to information without a meaning (Bender and Fish, 2000). Data can be 
both useful and irrelevant and needs to be processed before making sense (Merriam-Webster, 
2016).  A more thorough description of data is found in the theory chapter. 
 
Big data as a term surfaced end of year 2010 and since then several definitions of big data have 
been presented (Davenport, 2014). De Mauro et al. (2015, p.103) suggest following definition: 
“Big Data represents the information assets characterized by such a High Volume, Velocity and 
Variety to require specific Technology and Analytical Methods for its transformation into 
Value.”. Many definitions have in common that they characterize the information involved in 
terms of volume, variety and velocity (Ylijoki and Porras, 2016). Volume refers to the growing 
amount of data. Variety represents the different kinds of data. It can be structured, unstructured 
and of different formats and sources, i.e. social media, film. Velocity refers to that the data flows 
with high pace. These data characteristics require other technologies and analytical methods 
compared to what was previously perceived as ordinary or even possible (Ylijoki and Porras, 
2016, De Mauro et al., 2015). Davenport (2014) finds issues with some of these definitions. For 
an example vast amounts of data has been used for long, and how should big be defined over 
time? The challenge according to Davenport (2014) is to get value out of the available data that 
often is unstructured. 
 
One reason for the increasing amount of data is the rapid development of technologies that enable 
things to be connected and exchange data, i.e. sensors (Davenport, 2014), also known as Internet 
of Things (IoT) (Li et al., 2015). Another difference from the past is the use of social media 
(Davenport, 2014). The benefit is that these larger amount of data from different sources can 
explain things that would not be possible with smaller amount of data or data from less variety 
of sources (Cukier and Mayer-Schoenberger, 2013, Davenport, 2014). Despite these 
technological land winnings and indicated benefits, previously conducted research revealed that 
Business to Business (B2B) companies and companies that develops and manufactures products 
for industrial purposes did not have much data and consequently did not analyse much 
(Davenport, 2014).  
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1.2 Problem formulation 

The introduction of big data in 2010 indicates a new phenomenon. It exists more options for 
analysis and gathering data today than before and the amount of data available for analysis is 
rapidly increasing. It is also known that data is an important aspect of information that is crucial 
for product development. All product development phases of manufactured products needs 
considerable information processing (Tatikonda and Rosenthal, 2000), which is dependent on 
the raw material data (Davenport, 2014). Considering that big data is not mentioned in recent 
papers about new product development best practices and success factors (Cooper and Edgett, 
2012, Gemünden, 2015, Kahn et al., 2012) indicates that data and specifically big data is not 
studied within product development research.  
 

1.3 Aim and Research questions 

Bearing in mind the importance of data for product development, the indicated possibilities 
introduced by big data and the indicated absent research explains the importance to research the 
use of data within product development of manufactured products. Hence the aim of this study, 
to examine how data is used within product development of manufactured products. The focus 
on data, and not specifically big data, is motivated by the vagueness of the term big data (Ylijoki 
and Porras, 2016), its novelty, and that other closely related areas like data mining, data analytics 
and data as such is of interest for product development. 
 
Two Research Questions (RQ) were asked in order to reach the aim of the study. The first 
question aims to understand why data is used within product development of manufactured 
products, while the other RQ aims to study the characteristics of the data used. The RQs are: 
 

RQ1: Why is data used within product development of manufactured products?  
 

RQ2: What are the characteristics of the data used within product development of 
manufactured products? 

 

1.4 Project limitations 

As mentioned earlier the aim of the thesis was to examine how data is used within product 
development of manufactured products. This study was limited to focus on development of 
manufactured physical complex products and services related to these. Complex products are 
defined as products that consist of several interrelated parts and that are technology intensive 
(Lamming et al., 2000). The motive for this limitation is that complex products are due to the 
large number of components and involved actors more demanding from a product development 
perspective and therefore these circumstances require more information technology (Lamming 
et al., 2000) and should be of greater interest to research.  
 



2 RESEARCH METHOD 

This chapter describes the research design and methods used in this thesis. It begins with 
motivating selected methods and continues with describing how the methods have been used in 
detail. The chapter ends with evaluating the quality of the research. 
 

2.1 The research design 

To answer the RQs, Why is data used within product development? and What are the 
characteristics of the data used within product development?, a systematic literature review and 
a single semi structured interview were conducted. It started with the literature review including 
a scoping literature review before deciding upon RQs and limitations. Complementary to the 
literature review one interview was conducted to compare theory with empiric data, but also to 
bring in more insights regarding the use of big data in practice. The results from the literature 
review and the interview were analyzed jointly and conclusions were made. See figure 1 for an 
overview of the research design. 
 
The research design is motivated by following reasons. It makes sense to review and classify the 
existing research to understand what have been studied and what conclusion that have been made, 
which the systematic literature review is appropriate for (Seuring and Müller, 2008, Tranfield et 
al., 2003, Jesson et al., 2011). The literature review is also used to identify the limitations with 
current research. This is  necessary for  developing the existing research further (Tranfield et al., 
2003) and to be able to formulate the proper research questions for future studies. The interview 
was important to understand how the company had employed the use of big data in practice, 
which as indicated in the problem formulation was not explained in literature. But also to 
understand how the company uses data and the characteristics of the data used. The interview 
method is appropriate when there is a need to attain deeper understanding of a complex problem 
and how it relates to the context (Andersen, 1998).  
 
The empirical research in this study was limited by the time plan for the thesis, which is the 
reason for not interviewing more than one company or conducting observations. 
 
 

 
 
Figure 1: The research process 
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2.2 The systematic literature review 

The systematic literature review is characterized by its replicable and transparent process 
(Tranfield et al., 2003). This is ensured by defining a process, a research protocol, before the 
literature search (Butler et al., 2016). The research protocol includes the research question, how 
to conduct the search and inclusion / exclusion criteria’s in order to prevent the selection of 
literature being biased by the researcher (Tranfield et al., 2003). 
 
This literature review followed the phases proposed by (Jesson et al., 2011): 

1. Mapping the field through a scoping review: Prepare the review and define the research 
questions. Document key word to use for the literature search and inclusion / exclusion 
criteria’s.  

2. Comprehensive search: Execute the search using chosen key words. Go through titles 
and abstracts. Document the results. 

3. Quality assessment: Read the papers and decide if papers are in or out of scope. 
Document the reasons for excluding them.  

4. Data extraction: Extract the relevant data. 
5. Synthesis: The extracted data from the included papers are synthesised and look for 

connections that may not have been identified before. Summarize the findings in tables 
and text. 

6. Write up: Write the report and explain the method used so that the reader can repeat the 
review.  
 

2.2.1 The research protocol and literature search 

This section describes the three first phases in the process described by Jesson.  
 
As mentioned in the introduction the purpose of the review was to examine how data is used 
within product development of complex products. The research was therefore limited to only 
focus on papers related to product development of physical complex products that are 
manufactured and services associated to these, which means that e.g. papers about construction, 
clothing and process industry were excluded. Papers with primary focus on supporting functions 
to the product development processes were also excluded, i.e. project management and IT 
infrastructure. Only peer-review papers written in English were included, as the focus is to get a 
view of what has been researched within academia and to ensure a certain level of quality of the 
included papers. Conference papers and theses were consequently excluded. Papers written by 
authors employed by providers of data solutions or services were excluded to reduce bias.  
 
The search terms used were “data*” and “product development” in order to get a broad view. In 
the scoping review other terms were also used, i.e. “big data”, but it resulted in too few papers 
within a too narrow field, see appendix A. Therefor it was decided to use “data*”.  
The databases used were Scopus and Web of Science. The search included papers where the 
search terms were included in title or key words or abstract and limited to only include 
engineering, decision making and business subject areas. See appendix B for more details about 
the database searches. 
 
The literature search covers the time period 2010 to beginning of September 2016, which is 
considered to be of most interest bearing in mind that the term big data took of 2010 (Davenport, 
2014) and indicates a shift in the use of data. These searches in Scopus and Web of Science 



resulted in 1198 papers excluding duplicates. The search results from Scopus and Web of Science 
were exported to a reference management software (SW), EndNote X7, which was used to 
support in administration of the papers, i.e. remove the duplicates. First the titles and then the 
abstracts were screened for these papers resulting in that 1037 papers were dismissed, the 
remaining 161 papers proceeded to full text review. In full text review an Excel sheet was created 
containing all 161 papers, which became the working document for notes and coding. The full 
text screening was done in two steps, first reading introduction and conclusion and thereafter the 
paper in whole. This resulted in that 83 papers were dismissed because they didn’t meet the 
inclusion criteria’s. The reason for exclusion was noted in the Excel file. 78 papers remained in 
the final list. A graphical presentation of the paper selection process can be found in figure 2 
below. 
 
 

 
 
Figure 2: Paper selection process 
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2.2.2 Analysis 

This section describes step 4 and 5 in the process described by Jesson. 
 
Open coding, which is an inductive approach, was used as a method for data extraction (Seuring 
and Gold, 2012). Coding means that the key words are identified in the text and these are 
structured in categories and themes, which is a part of the analysis (Alvesson and Sköldberg, 
2008, Corbin and Strauss, 2008). This means that there did not exist a pre-defined list of themes 
or categories in a coding manual beforehand. A coding manual described the coding process, see 
appendix C. The earlier mentioned Excel sheet was used as an extraction sheet and the coding 
developed when reading the papers through making notes about keywords and possible themes 
and categories. A short summary of the introduction and conclusion was also noted in the file. 
After reading approximately 30 papers the coding description and the Excel sheet was so mature 
that only minor adjustments were made for the remaining papers. The coding description 
contains the identified themes with included categories and identified keywords for the 
categories; see appendix D for the final version of the coding description.     
 

2.3 Semi-structured interview 

The semi-structured interview is a form of a qualitative interview with “flexibility in how and 
when the questions are put and how the interviewee can respond.” (Edwards and Holland 2013, 
p.29). The interviews are structured by an interview guide that contains the topics or questions 
that is wanted to be covered by researcher, but with the freedom to explore other issues that may 
surface in the conversation and that might be of interest for the research (Edwards and Holland, 
2013).  
 
The method used was the one Kvale and Brinkmann (2009) propose for qualitative research 
interviews consisting of seven stages: 

1. Thematising: Define the purpose of the interview and acquire knowledge about the 
subject. Then decide upon method. 

2. Designing: Consider what knowledge that is intended to obtain when planning the 
research.  

3. Interviewing: Conduct the interviews with support of an interview guide. 
4. Transcribing: Prepare the audio files for analysis. Most common is to transfer the 

spoken word to text. 
5. Analysing: Chose an appropriate analysis method. 
6. Verifying: Assure the validity, reliability and generalisability of the results. 
7. Reporting: Document the findings and used methods. 

 
The majority of the literature review was completed before preparing the interview guide, see 
appendix E, to increase the knowledge within the subject. The interview with the big data 
responsible at the company was conducted 21 October 2016 and took almost 1½ hour. The 
interview was recorded and conducted in Swedish to eliminate miss-understandings and 
language barriers.  
 
In transcription most of the paralinguistic communication was omitted, except if it was 
considered to be valuable in this context or for the clarity of the document. A formatting guide 
(Humble, 2015) was used for these paralinguistic notes. The transcribed interview consist of 
7691 words on 12 pages. 



 
The analysis begun with meaning condensation as described by Kvale and Brinkmann (2009). 
This method suits well in analysing complex interviews when revealing the main themes. They 
propose a five step analysis method that was followed: 
 

1. Read the whole interview.  
2. Identify the natural meaning units as expressed by the interviewee. 
3. Rephrases the natural meaning units as simply as possible and categorize these into 

themes. 
4. Question the meaning units based upon the purpose of the study. 
5. Compile the essential themes from the interview into a report called descriptive 

statement.   
 
The meaning condensation was followed by a content analysis as it is difficult to read out what 
topics that have been paid most attention to, or that have been most frequently brought up by the 
interviewee when reading the descriptive statement. In content analysis the text is coded and the 
frequency of these are quantified (Kvale and Brinkmann, 2009). In the end both methods were 
used back and forth as new insights occurred. 
 

2.4 Analysis 

The analysis in this research was done in three steps. The first step was the literature review 
analysis and the second step the interview analysis, both of them described above. The third step 
was to understand how the result of the company interview compared to the result of the literature 
review analysis to identify similarities and differences between praxis and theory.  
  

2.5 Research quality 

Reliability and validity are two criteria’s for evaluating the quality of the research. These will 
be discussed in following chapters. 

2.5.1 Validity 

Validity expresses if the research method measures what it is intended to measure (Kvale and 
Brinkmann, 2009, Williamson, 2002). Validity can be considered from two different 
perspectives, internal validity and external validity. Internal validity relates to causality, the 
confidence of the relationship between observations and conclusion (Bryman and Bell, 2015). In 
other words if the researcher has made the correct interpretation. External validity refers to if the 
results can be generalized to other contexts (Bryman and Bell, 2015). 
 
The validity of the interview was strengthened in two ways. Firstly by choosing interviewee 
based on position, competence and work experience increased the validity. The interviewee held 
a position as responsible for the implementation of big data capability at the company. Secondly 
by sending the descriptive statement, a summary of the content analysis and the interview result 
chapter to the interviewee for comments as proposed by Kvale and Brinkmann (2009). 
The external validity is increased by the use of different information sources in terms of the 
literature and the interview (Yin, 2009), but in this study weakened by only including one 
interview. 
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2.5.2 Reliability 

Reliability refers to if the study results can be repeated (Bryman and Bell, 2015, Williamson, 
2002). The objective is to ensure that other researches will reach the same result if they follow 
the same research design (Yin, 2009).  
 
The reliability of the literature review is strengthened by the thorough description of used 
methods and findings that ensures replicability and hence reliability of the research. But there 
exists a risk for bias, because the screening was done by one person. Product development is a 
broad subject and it can be challenging for the reviewer to have all perspectives in mind when 
deciding whether to include or exclude a paper. The risk for bias is decreased by the use of the 
research protocol stating inclusion and research criteria’s. In most cases it has been obvious if a 
paper should be included or not, but there exists a risk that screening has been affected by the 
reviewers past experience.  
A weakness with qualitative interviews is that the interview itself is almost impossible to 
replicate. The context of the interview and the relationship between interviewee and interviewer 
differs between occasions and researchers. The interpretation of the spoken word could lead to 
misunderstandings as the meaning of the words could deviate between researcher and 
interviewee and consequently difficult to reproduce by other researchers  (Edwards and Holland, 
2013). On the other hand, too much focus on ensuring the reliability during the interview has a 
negative impact on the creativity in the process and the interviewer may miss nuances and new 
themes that may be relevant (Kvale and Brinkmann, 2009). The reliability of the analysis of the 
interview is on the other hand considered high since the interview and methods used have been 
described in detail.  
 
The reliability of the research is also strengthened by methods triangulation. By using different 
methods, in this study the literature review together with an interview, the conclusion is more 
likely to be reliable (Williamson, 2002)  
 
 
  



3 THEORETIC FRAMEWORK 

This chapter describes the theoretical framework for this thesis. The chapter begins with laying 
out what data is and how it relates to information. Since data and information is closely related, 
one of the chapters is about information in product development.  The next chapter describes big 
data. Thereafter the focus is shifted towards the different aspects to be considered in product 
development and ends with describing the product lifecycles, product lifecycle management and 
product data management.  
 

3.1 Definition of data, information, knowledge and their relations 

The definitions of data, information and knowledge used in this thesis rests upon the knowledge 
hierarchy model presented by Bender and Fish, see figure 3. This model describes the relations 
between data, information and knowledge. According to this model data is the raw material for 
information. By adding value through meaning and structure, data becomes information (Bender 
and Fish, 2000). Davenport (2014) mentions also calculation, condensing and correcting as value 
adding methods for converting data to information. Information becomes knowledge when it is 
merged with experience, values and beliefs. This means that knowledge is personal. Different 
persons will build various knowledge based on the same information (Bender and Fish, 2000). 
The knowledge can be transferred to others by training and communicated through different 
types of media. This knowledge will be received as information and data (Bender and Fish, 
2000).  
 
 

 
 
Figure 3: Knowledge hierarchy. Bender and Fish (2000, p.126) 
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3.2 The transfer of data to knowledge 

Data is managed through three different steps, acquiring, sharing and using. The ability to 
manage the information processing is interlinked with the success and performance of the 
product development (Frishammar, 2005).  
 
Several models have been presented describing the flow of data, information and knowledge. 
The model used in this thesis is the one presented by Daft and Weick (1984) who describe the 
organization as an interpretation system. This interpretation process is described in three steps 
from scanning to interpretation and learning as the last step, see figure 4. Scanning is the data 
collection phase. Interpretation is about giving a meaning to the data, to get an understanding. 
Learning differs from the previous phase by that it involves action. By taking action new data 
might occur that is fed into the earlier steps in the process. 
 
 

 
 
Figure 4: Relationships among organizational scanning, interpretation, and learning (Daft and Weick, 1984, 
p.286) 
 

3.3 Information in product development 

In a case study including four companies Frishammar and Ylinenpää (2007) came to the 
conclusion that: 

“high NPD performance is associated with management of several different 
kinds of information and information sources.” (p.459)  

Different phases in product development needs different types of information (Frishammar and 
Ylinenpää, 2007, Zahay et al., 2004), e.g. information about the competitor is mostly related to 
NPD performance in the beginning and the end of the development process. It is therefore 
suggested that the development team should focus on the information most useful and relevant 
for the valid development phase (Frishammar and Ylinenpää, 2007). The need for information is 
highest in early product development, also mentioned as fuzzy front end, which can be explained 
by the high degree of uncertainty. This phase also uses information from most different type of 
sources (Zahay et al., 2004).   
 
Despite the mentioned finding that NPD performance is related to the use of several types of 
information and information sources, it does not seem to be the practice. Zahay et al. (2004) 
conducted a survey in the early 2000s about the use of information within NPD among B2B 
companies and came to the conclusion that only few of studied firms used several types of 
information and made the information available for other departments in the organization. 
 
  



3.4 Big data 

Big data was described in the introduction by characterizing the data in terms of volume, variety 
and velocity; this needs to be complemented with a couple of prevailing theories that are different 
from traditional data analytics. Mayer-Schönberger and Cukier (2013) explains that by having 
vast amount of data and in some cases have the power to process all available data gives room 
for less accurate data compared to analytics based on samples. The second difference is that big 
data is focused on discovering patterns and correlations that can explain what is happening, but 
not necessarily explaining why it is happening. One example of big data analysis is Google Flu 
Trend that predicts flue outbreaks through analyzing frequency of specific search terms in 
Google searches. These search terms have been identified by analyzing the correlation between 
Google searches and hospital or clinic visits related to influenza (Cukier and Mayer-
Schoenberger, 2013). Google Flue Trend does not explain the influenza outbreak, but can 
possibly identify what is happening before people begins visiting the clinics. 
 
Google Flue Trend exemplifies also the problems that can occur in big data analytics. Lazer et 
al. (2014) have proposed a couple of issues described as big data hubris and algorithm dynamics. 
Big data hubris means that it becomes a substitution for traditional analytics and data collection 
and the ignorance of the validity and the reliability of the data is pushed too far. Algorithm 
dynamics highlights the issues related to that the algorithms used are not static in the Google 
case; they are constantly changed to improve the accuracy of the results. In combination that the 
amount of data is changing makes it difficult to replicate the analysis, which is an issue from 
research perspective. Lazer et al. (2014) brings also up the risk that data from internet can be 
manipulated to suit someone’s own interests, e.g. for political or financial reasons. 
 
The algorithms used to process big data to obtain value from it can be categorized into four 
different types. Descriptive analytics that explains what happened in the past. Inquisitive 
analytics explains why it happened. Predictive analytics predicts the non-existent data, e.g. data 
about the future. Prescriptive analytics is used for optimization, e.g. production scheduling. 
Descriptive analytics is most frequently used and prescriptive, which is the newest, is the least 
used (Mousannif et al., 2016). 
 

3.5 Aspects to be considered in product development 

Product development requires the involvement of several functions of the company and several 
authors’ mentions following three as the most prominent: product design, marketing and 
operations (Ulrich and Eppinger, 2014, Krishnan and Ulrich, 2001, Ullman, 2010). This thesis 
does not go into the organizational aspects of product development, but the three functions 
represents different aspects that needs to be considered. Ullman (2001) writes about variables 
that can be influenced, i.e. materials and product form that is mostly of concern in product design 
function. See figure 5 on the next page.  
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Figure 5. Controllable variables in product development (Ullman, 2010, p.2). 
 

3.6 Product lifecycle 

It is important in the product development phase to take into account the whole product life cycle. 
Ullman (2010) describes the product lifecycle in four different phases. It begins with the product 
development phase and proceeds with production and delivery. In the use phase the product 
fulfills its purpose and the final phase is end of life. See figure 6. One reason that motivates to 
have all aspects of the product life cycle in mind in the product development phase is the impact 
it has on quality, customer satisfaction and costs. These costs in the later phases in the product 
lifecycle are according to surveys much higher than the cost of the product development itself 
(Ullman, 2010). 
 
 

 
 
Figure 6: The life of a product. Adapted from Ullman (2010, p.11) 



3.7 Product Lifecycle Management & Product Data Management 

Companies today must be capable to ensure that the correct product data is available to all the 
involved stakeholders i.e. product development and suppliers throughout the products lifecycle 
in order to be efficient in a global multi project environment (Kropsu‐Vehkapera et al., 2009). 
The data needs to be digitalised and the data management automated in order to be efficient 
(Kropsu‐Vehkapera et al., 2009). These challenges are addressed by Product Lifecycle 
Management (PLM). 
 
PLM refers to the necessary activities and processes for managing product data and enabling 
collaboration between the products stakeholders during the whole product lifecycle (Terzi et al., 
2010, Bruun et al., 2015). A fundamental part of PLM is Product Data Management (PDM) 
(Otto, 2012, Kropsu‐Vehkapera et al., 2009). Otto (2012, p.275) defines PDM as “the 
organizational function for planning for, controlling of, and delivering product data”. In short, 
PDM is about the management of the product data and contains information about the product 
structure, the CAD drawings and manufacturing process data (Philpotts, 1996) while PLM also 
includes the activities and processes necessary to manage the data during the product lifecycle 
(Otto, 2012). These activities are often supported by a PDM or PLM system at the companies 
(Otto, 2012, Bruun et al., 2015).    
 
A PLM system consists of three different elements, the product data, processes, and an 
Information and Communications Technology (ICT) system. ICT includes the SW, servers and 
needed infrastructure to operate the PLM system. Processes describes the workflows that defines 
how product data is updated, approved and distributed. Product data as it is referred to within 
PLM/PDM includes product specification data, lifecycle data and meta-data. Product 
specification data describes the products properties, e.g. product structure, CAD models and 
maintenance records. Lifecycle data refers to the products life cycle status, e.g. if the product is 
ready for manufacturing or if the drawings are approved. The meta-data is data about the data. It 
can for an example be data about the responsible organization for the data, data to control the 
authorities and access to the data (Otto, 2012, Philpotts, 1996). 
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4 RESULT FROM LITERATURE REVIEW 

In this chapter the findings from the literature review is described. It begins with presenting some 
statistics about the included articles. Thereafter the content in these articles is presented and in 
the end an overview of all the papers is presented.  

4.1 Statistics of researched papers 

The distribution of publication year for the 78 included papers reveals that it reached the peak 
year 2012 with 16 papers and the number of publications have been decreasing since then as 
described in figure 7.  
 

Note that 2016 only includes papers from January to beginning of September. 
 
The papers included are distributed among 50 different journals, where of 15 of them includes 
more than one paper. The 15 most frequent journals are presented in table 1. 
 
Table 1: Distribution of publications among journals. 
 

 

Journal Number of papers
Expert Systems with Applications 5
International Journal of Production Research 5
Computers in Industry 4
Journal of Intelligent Manufacturing 4
Concurrent Engineering Research and Applications 3
International Journal of Product Lifecycle Management 3
Journal of Product Innovation Management 3
Computer-Aided Design and Applications 2
Computers and Industrial Engineering 2
European Journal of Operational Research 2
International Journal of Advanced Manufacturing Technology 2
International Journal of Computer Integrated Manufacturing 2
International Journal of Industrial Ergonomics 2
Journal of Systems Science and Systems Engineering 2
Research in Engineering Design 2
Journals with one included paper 35

Figure 7: Distribution of publications per year across the period studied.  



A clear majority of the included papers applied a theoretical/conceptual research method, 66 out 
of 78. Other research methods used are case studies: 6 papers, surveys: 4 papers and literature 
review: 2 papers. See also figure 5 for the distribution. Research methods categorized according 
to Giannopoulou et al. (2010). 
 

 
 
Figure 8: Distribution of research methods used 
 
 

4.2 Identified themes in literature 

4.2.1 Introduction 

In the process of coding two main categories were identified related to why data is used within 
product development, these categories are learning and describing. The category of learning is 
defined by the previously mentioned model by Daft and Weick (1984) there learning is the last 
step proceeded by data collection and interpretation. It is also stated that learning entails action.  
Consequently were the different design activities that used data for taking action and enabling 
further progress in the developing of the product i.e. simulation, calculation, understanding, idea 
generation, analyze and predict categorized as learning. The other category, describing, 
represents the activities where data is used to define the product for the purpose of e.g. 
collaboration and reusing previous design. These two categories explains the rational for data 
collection and constitutes one of the identified themes of this study. 
 
The second theme, object, complements the learning theme by describing the subject of the data. 
This theme explains what the data describes and this study identified two main categories 
constituting the object theme, the customer and the product and an others category including 
stakeholders beside the customer. Considering these two themes together, the rational and object, 
addresses the first RQ: why is data used within product development of manufactured products. 
 
The data used within product development identified in this study have several different formats, 
e.g. the data can be numeric, textual, structured or unstructured. These attributes describing the 
content of the data are categorized into simple and complex, which are differentiated by whether 
the data needs to be processed before analysis or not. The data is also generated at different pace, 
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flow. The flow of data has been categorized to be either moving or steady. The content and flow 
constitutes the third theme, the data characteristics and addresses the second RQ: what are the 
characteristics of the data used within product development of manufactured products. 
 
In summary, the three themes identified in this study are rational, object and characteristics. 
These will be described more in detail before the presentation of the papers.  
 

4.2.2 Rational 

The rationale behind using data within product development shows a great variation. Examples 
expressing the rational are evaluate, comprehend, idea generation, exchange and sharing. They 
all have in common to describe an act of action. In many cases these key words were synonyms 
or describing different perspectives of e.g. decision making or innovation, which resulted in that 
two main categories were identified to describe the rational. The purpose of data was either 
learning or describing. Examples of using data for learning identified in the literature are decision 
making (Shishank and Dekkers, 2013), build knowledge through analysis (Wu et al., 2014a), 
innovation (Bosch-Sijtsema and Bosch, 2015), assessment of the design (Ostad-Ahmad-Ghorabi 
and Collado-Ruiz, 2011) and improving the product functionality (Nepal et al., 2010). 
 
Describing is about documenting the product for the purpose of collaboration (Shehab et al., 
2013) or for the purpose of reusing it later by the organization itself or by others (Saarelainen et 
al., 2014).  
 

4.2.3 Object 

The second identified theme is that the data describes an object, the customer, product or others. 
Key words associated with customer can shortly be described as they are related to the voice of 
customer e.g. user need and customer complaints. The product category is broader because it 
includes all different key words mentioned relating to the product. The product category includes 
data related to sustainability (Djassemi, 2012), processes (Chang and Huang, 2014), design 
qualification (Magalhaes et al., 2012) and data describing the product itself (Feldhusen et al., 
2012). Lastly a third group had to be introduced called others for data about other stakeholders 
than the customer (Aschehoug and Boks, 2013). 
 

4.2.4 Data characteristics 

The third theme is describing the characteristics of the data itself in terms of content and flow. 
Content describes the structure of the data. It can be simple or complex. Simple data is defined 
as data that does not need pre-processing before analysis, e.g. translating the data to other 
formats. Consequently complex data needs pre-processing. Examples of complex data are 
aesthetic attributes (Yadav et al., 2013), textual data (Park and Lee, 2011) and emotion (Luh et 
al., 2012). An example of simple data is geometrical data (Shehab et al., 2013). 
 
Flow describes the pace of data generation. It can be moving, the data is continuously updated 
or generated, e.g. most of the data retrieved from social media (Chan et al., 2016) or sensors 
(Alzghoul et al., 2014). The data can also be steady or static, e.g. a customer survey (Luh et al., 
2012) or a patent (Yoon and Song, 2014). 



 
Please see appendix D for more details about categorizing of the key words and how they are 
related to categories and themes. 
 

4.3 Presentation of the papers 

In the following chapters the papers are presented according to the rational and object. The 
research method is indicated to exhibit the distribution of the papers between the different 
methods. In the end of each chapter the identified data characteristics for the included papers are 
presented. A table presenting the classification of all the papers is found in the last chapter in this 
section. 
 

4.3.1 Papers focusing on learning about customers 

This chapter presents the papers with the rational learning and customer as the object.  
 
The theoretical / conceptual papers 

A majority of the papers focusing on learning about customers propose an analytical method or 
algorithm for translating various forms of customer data to become input for product design. 
These data, commonly referred to as Voice of Customer (VoC), is in numerous papers used as 
input to House of Quality or Quality Function Deployment and the methods are demonstrated in 
a fictitious case (Li and Wang, 2010, Zhang et al., 2010, Nepal et al., 2010, Bae and Kim, 2011, 
Aguwa et al., 2012). The purpose behind the presented methods can be to support in product 
segmentation (Lei and Moon, 2015, Simpson et al., 2012), prioritizing between different product 
characteristics or concepts (Kwong et al., 2011, Liu, 2011, Lin et al., 2012b), improve product 
usability (Wu et al., 2014a) or improving the sustainability (Wang, 2016). Different sources for 
data collection were used. Some researchers studied how online data could be used as input. 
Chan et al. (2016) propose a method to collect customer opinions from a company’s official 
Facebook page. Lee et al. (2012) and Li et al. (2013) used text mining to collect data from 
independent on line communities and on line reviews from e.g. Amazon. These methods require 
pre-processing of data in order to convert unstructured data to an analyzable format, which Park 
and Lee (2011) goes more into detail about when studying on line customer complaints. Yadav 
et al. (2013) analyze aesthetic data collected through customer surveys as input to the design 
process. It happens that the surveys are submitted with incomplete data. Maddulapalli et al. 
(2012) propose an estimation method to be used in analysis. The other theoretical papers 
presented other perspectives of using VoC data in product development. It could be as a support 
in decision making (Kutschenreiter-Praszkiewicz, 2013, Wang and Ju, 2013, Jensen et al., 2014) 
or proposing methods to collect emotional feedback (Luh et al., 2012). A couple of studies 
presented how Virtual Reality techniques in early product development phases could be used to 
retrieve customer feedback (Carulli et al., 2013, Katicic et al., 2015).  
 
The case study papers 

Bosch-Sijtsema and Bosch (2015) studied how eight different high-tech industries collected user 
feedback during the development process. This paper is unique from the others by describing 
how different data collection methods were used in the different product development phases, 
from the use of qualitative methods in pre-development to quantitative methods in the last phase. 
This paper also describes how the users from being conscious about the data collection in the 
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pre-development phase became less informed over the development process to finally be 
uninformed in the use phase. It is also unique in proposing that continuous user feedback changes 
the speed and iterations in the development process and the product is constantly optimized and 
developed. Kujala et al. (2014) studied the sentence completion method in three different cases 
and found it useful for retrieving user needs and values. Sentence completion is when 
respondents are given a beginning of a sentence, which they complete in for the respondent 
meaningful way. 
 
The survey papers 

Mahr et al. (2014) studied the use and effect of customer co-creation, which is when customers 
are involved in the innovation process. They studied the effect of three different channels for 
data collection, face to face, voice to voice and digital channels. All three have strengths and 
weaknesses and they proposes further research in if digital channels can compensate for the 
weaknesses with face to face communication. Tivesten et al. (2012) collected data from drivers 
in car accidents via mail surveys and interviews and studied the impact of non-response error, 
which is when those who does not answer would have had an impact on the result of the survey. 
The accident data is used for vehicle development. Wu and Fang (2010) suggested that brand 
communities could serve as input to product development. Members in brand communities have 
high level of product knowledge and help each other’s in support issues, problem solving and 
comes up with ideas for new products.  
 
Identified data characteristics 

The data characteristics are grouped into four possible combinations based upon content and 
flow. These groups are complex & steady, complex & moving, simple & steady and simple & 
moving.  
 
Examples of complex & steady data used for learning about customers are data describing 
emotional, aesthetic and haptic customer feedback (Carulli et al., 2013, Katicic et al., 2015, 
Yadav et al., 2013). This data needs to be processed before it can be analyzed and it is steady 
since it is created at specific occasions. 
 
The complex & moving data differs from above by the continuous flow of new data. In most 
cases unstructured text data from the web, e.g. on-line reviews, social media (Chan et al., 2016, 
Li et al., 2013) or text from service and repair reports used to understand customer experience 
(Brombacher et al., 2012). A majority of these papers propose different algorithms, i.e. text 
mining and co-wording for analysis.  
 
Examples of simple and steady data identified among these papers are customer feedback from 
surveys with distinctive choices, e.g. multiple choice (Li and Wang, 2010) and numeric 
anthropometric data (Lin et al., 2016).  
 
A couple of the papers covers several different sorts of data with different characteristics. Bosch-
Sijtsema and Bosch (2015) presents different ways to retrieve user input for product 
development. One set of characteristics is identified for data collected through user discussions, 
complex data collected once, therefore steady. Another set for characteristics is data collected 
from automated logs generated by the product, simple & moving. The other paper is Mahr et al. 
(2014) that compares the differences between the use of face to face channels, complex data, and 
digital channels, simple data, for customer co-creation.  
 



4.3.2 Papers focusing on learning about products 

This chapter presents the papers with the rational learning and the object products. 
 
The theoretical / conceptual papers 

Several of the papers focusing on learning about the products presents different methods where 
data is used to estimate product cost during product development (Cheung et al., 2015, Hassan 
et al., 2010, Lin et al., 2012a, Cheung et al., 2011, Roy et al., 2011, Stockton et al., 2013). Another 
common field is estimating the environmental effect of the product (Chiang and Roy, 2012, 
Djassemi, 2012, Issa et al., 2015, Ostad-Ahmad-Ghorabi and Collado-Ruiz, 2011, Trappey et al., 
2012, Wang et al., 2015). Jung et al. (2015) uses data for virtual product testing to reduce more 
expensive physical testing. Several other authors propose methods there data is used for failure 
prediction and evaluating the product reliability (Chang et al., 2014, Magalhaes et al., 2012, 
Morteza et al., 2014, Quigley and Walls, 2011). A design activity that can be time consuming is 
product change. Four papers present tools to predict impacts of change and analyzing product 
dependencies when adapting or changing products (Do, 2015, Feldhusen et al., 2012, Pasqual 
and de Weck, 2012, Hamraz et al., 2013). A couple of papers uses data as input to judge 
ergonomic consequences. Either for expressing ergonomic consequences as a cost, or for 
ergonomic simulations (Falck and Rosenqvist, 2014, Joung et al., 2016). Harvey and Stanton 
(2013) propose a tool to predict user operation time for different product features, e.g. operating 
different multimedia functions in a car. Another couple of papers are about product optimization 
(Fredin et al., 2012, Ruderman et al., 2013). Abramovici and Lindner (2013) developed a 
framework for collecting product use data, e.g. from sensors, as input for product improvements. 
Data can be used as input for material selection (Karana et al., 2010). Chaudhuri et al. (2013) 
presents a method for supply chain risk assessment data to be used during product development 
to support decision making. Chang and Huang (2014) presents a data base and calculation 
methods to collect supplier process data for tolerance analysis. One of the papers, Yoon and Song 
(2014), propose a method to use patent data for identifying product development partners. 
 
The case study papers 

Bonou et al. (2016) researched the use of Life Cycle Assessment (LCA) data at one company to 
minimize the environmental impact. Alzghoul et al. (2014) compared a data-driven method 
towards a knowledge-based method for fault detection in prototype phases in a one case study 
using data streams from sensors.  
 
The survey papers 

Shishank and Dekkers (2013) came to the conclusion that the incomplete data about the product 
available in the early NPD phase is sufficient for taking out-sourcing decisions. 
 
The literature review papers 

Blondet et al. (2015) studied how data from numerical simulations, i.e. Finite Element Methods 
that can be time consuming, could be re-used.   
 
Identified data characteristics 

Identified examples of complex & steady data includes the use of linguistic data for supply chain 
risk analysis (Chaudhuri et al., 2013), the use of data in the format of film recording for 
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ergonomic simulation (Joung and Noh, 2014) or patent data used for selecting product 
development partners (Yoon and Song, 2014). 
 
Examples of simple & steady data is found in Chang and Huang (2014) using process capability 
data for tolerance analysis and Choi et al. (2010) using product data for manufacturing plant 
design. Another example is Magalhaes et al. (2012) using data from durability tests for failure 
prediction. 
 
Alzghoul et al. (2014) provides a typical example of simple & moving data. The data was 
generated every 0,1s from sensors placed in a cooler. The data describing product characteristics 
in Shishank and Dekkers (2013) papers is considered moving because it is used in product design 
phase. The data should have been considered steady after design freeze.  
 

4.3.3 Papers focusing on describing the products 

This chapter presents the papers with the rational describing the product. Eight papers where 
purely focused on the use of data with this rational.  
 
The theoretical / conceptual papers 

Several researchers have tackled the challenge with reusing and sharing product data describing 
the product. It is important because a majority of the design activities build upon previous 
products and experiences (Peng et al., 2016) and it becomes more demanding with increasing 
product complexity and amount of data (Kortelainen and Mikkola, 2015). Three of the papers 
propose different methods for structuring the product data to make it more manageable to enable 
reusing (Giddaluru et al., 2015, Kortelainen and Mikkola, 2015, Peng et al., 2016). David and 
Rowe (2016) studied two types of Product Lifecycle Management (PLM) systems and their 
strengths and weaknesses in a Small and Mediums sized Enterprises (SME) setting. Some of the 
studies propose concepts for faster sharing of CAD and assembly data in a distributed 
collaborative product development (Chul Kim et al., 2011, Kim et al., 2010) or sharing with 
suppliers in a secure way (Shehab et al., 2013). One paper looks specifically into sharing of CAD 
product data between different systems (Abdul-Ghafour et al., 2014). 
 
Identified data characteristics 

The identified data characteristics are either simple & steady or simple & moving. The data in 
both groups describes the product, e.g. in terms of geometry, weight and how parts are related to 
each other (Kortelainen and Mikkola, 2015, Abdul-Ghafour et al., 2014). The difference is 
whether the product design is frozen or if the product data is shared in development phase when 
it is still moving, e.g. CAD data used in a collaborative product development (Chul Kim et al., 
2011).  
 

4.3.4 Papers covering several rationales, objects or data characteristics. 

Most of the papers in the literature review are focused on a specific use of data, but few of the 
papers includes several rationales or objectives. These papers are presented in this chapter. 
 
  



The case study papers 

Saarelainen et al. (2014) studied the issue in product development to find data from previously 
done simulations and make it available for others, which includes both the learning and 
describing perspectives of the rationale. Brombacher et al. (2012) questioned how it comes that 
large volumes of customer complaints data does not lead to quality and reliability improvements 
in NPD. This paper is about two objects, as the customer complaints included both data about 
customer and product. Another finding, unique for this study, was that the use of data in product 
development was affected by culture and insight. It was found that designers did not use available 
customer complaints data because they did not felt it necessary due to their long working 
experience and intuition, while others distrusted the data. Some people were not aware of that 
the data existed. 
 
The literature review papers 

Aschehoug and Boks (2013) conducted a literature review to research what kind of sustainability 
data is important in product development in the different life cycle phases and from where it is 
available. This paper differs from the others by the extensive list of data types, data sources and 
stakeholders. It includes learning about products, e.g. data in terms of energy consumption and 
chemicals. Learning about customers, e.g. data about customer requirements and barriers towards 
other more sustainable business models. And learning about other stakeholders, i.e. government, 
shareholders, financial institutions, suppliers. Since this is the only paper including data about 
these stakeholders, they have been grouped as others.  
 
Identified data characteristics 

These three papers represents all data characteristics. An example of complex & steady data is 
governmental regulations (Aschehoug and Boks, 2013). Customer complaints expressed as 
unstructured text from the service department is an example of complex & moving data 
(Brombacher et al., 2012). Product weight is simple & steady, while product energy consumption 
can be both steady and moving (Aschehoug and Boks, 2013).    
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4.4 Papers overview 

All papers included in the literature review are presented in table 2 below. The papers are 
organized according to research method, theme and data characteristics. The table can be read 
from either left to the right or vice versa and it shows how the papers are distributed among the 
categories. For an example the literature review consisted of 66 papers based on a theoretical 
methodology. Of those are 58 papers about learning where of 25 papers are about learning about 
the customer. These 25 papers are grouped according to identified data characteristics. A few 
papers could be categorized into several themes, e.g. Brombacher et al. (2012) that address both 
a customer and product perspective on data.  
 
Table 2: Literature papers overview 
 

Method Rational Object Paper categorized by data characteristics  
Theoretical 
66 papers 

Learning 
58 papers 

Customer 
25 papers 

Complex & steady 
Carulli et al. (2013), Katicic et 
al. (2015), Lee et al. (2012), 
Lin et al. (2012b), Luh et al. 
(2012), Wang (2016), Yadav et 
al. (2013) 

Complex & moving 
Aguwa et al. (2012), Chan et 
al. (2016), Jensen et al. (2014), 
Li et al. (2013), Park and Lee 
(2011), Wu et al. (2014a) 

Simple & steady 
Bae and Kim (2011), Kutschenreiter-Praszkiewicz (2013), 
Kwong et al. (2011), Lei and Moon (2015), Li and Wang (2010), 
Lin et al. (2016), Liu (2011), Maddulapalli et al. (2012), Nepal et 
al. (2010), Simpson et al. (2012), Wang and Ju (2013) , Zhang et 
al. (2010) 

Product 
33 papers 

Complex & steady 
Chaudhuri et al. (2013), Feldhusen et al. (2012), 
Joung et al. (2016), Karana et al. (2010), Yoon and Song (2014) 
Simple & steady 
Chang and Huang (2014), 
Chang et al. (2014), Cheung et 
al. (2015), Chiang and Roy 
(2012), Choi et al. (2010), 
Djassemi (2012), Falck and 
Rosenqvist (2014), Fredin et al. 
(2012), Hamraz et al. (2013), 
Harvey and Stanton (2013), 
Hassan et al. (2010), Issa et al. 
(2015), Jung et al. (2015), Lin 
et al. (2012a), Magalhaes et al. 
(2012), Morteza et al. (2014), 
Ostad-Ahmad-Ghorabi and 
Collado-Ruiz (2011), Quigley 
and Walls (2011), Roy et al. 
(2011), Ruderman et al. (2013), 
Stockton et al. (2013), Trappey 
et al. (2012), Wang et al. 
(2015), Wu et al. (2014b)  

Simple & moving 
Abramovici and Lindner 
(2013), Cheung et al. (2011), 
Do (2015), Pasqual and de 
Weck (2012) 

Describing 
8 papers 

Product 
8 papers 

Simple & steady 
David and Rowe (2016), 
Giddaluru et al. (2015), Peng et 
al. (2016) 

Simple & moving 
Abdul-Ghafour et al. (2014), 
Chul Kim et al. (2011), Kim et 
al. (2010), Kortelainen and 
Mikkola (2015), Shehab et al. 
(2013) 

  



Method Rational Object Paper categorized by data characteristics  
Case 
study 
6 papers 

Learning 
5 papers 

Customer 
2 papers 

Simple + Complex & Steady + moving:  Bosch-Sijtsema and 
Bosch (2015)  
Complex & Steady: Kujala et al. (2014)  

Product 
2 papers 

Simple & Steady: Bonou et al. (2016)  
Simple & Moving: Alzghoul et al. (2014)  

Customer 
& Product 
1 paper 

Complex & Moving: Brombacher et al. (2012) 

Learning & 
Describing 
1 paper 

Product 
1 paper 

Simple & Moving: Saarelainen et al. (2014) 

Survey 
4 papers 

Learning 
4 papers 

Customer 
3 papers 

Simple + Complex & Steady: Mahr et al. (2014) 
Complex & Steady: Tivesten et al. (2012) 
Complex & moving: Wu and Fang (2010) 

Product 
1 paper 

Simple & Steady + moving: Shishank and Dekkers (2013)   

Literature 
review 
2 papers 

Learning 
2 papers 

Product  
1 papers 

Simple & Moving: (Blondet et al., 2015)  

Product & 
Customer 
& Other 
1 paper 

Simple + Complex & Steady+ moving: Aschehoug and Boks 
(2013) 
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5 RESULT FROM INTERVIEW 

An interview was conducted to complement the theoretical data from the literature review with 
empirical data and to study how big data is used in practice. This chapter presents the findings 
from the interview. 

5.1 Introduction 

The interviewed company has approximately 13000 employees globally and the products are 
either sold to professional users or consumers via dealers spread world-wide or directly to 
industry customers. Net sales was around 36 BSEK in 2015. The company has production 
facilities in Europe, North America and Asia. The products are complex including several 
different technologies. 
 
The company has built up a global platform to support collection and analyzing big data from 
the whole product lifecycle. The data collection for big data analytics has been going on for 15 
months. As for other industries, this has been enabled by cheap and flexible storage and 
computing capabilities in the cloud. The responsible big data team is newly recruited with 
competencies within cloud environment and data analytics. It is considered to have adequate 
competence to take the next step in more advanced analytics, i.e. predictive analytics, which 
requires more data. 
 
The big data is considered to be a global company asset, which means that the data is not treated 
as belonging to a specific division. It is meant to be shared within the organization. The idea is 
that the company globally will benefit from having as much data as possible in the data lake for 
analysis to get a holistic view. A data lake can be described as a data warehouse containing big 
data from several sources including unstructured data (Leary, 2014). 
 

5.2 Big data characteristics and application 

The company has collected big data since 15 months back from different outdoor products. Over 
20.000 devices are connected today either via Ethernet or GSM network delivering data two 
times per minute depending on activity level. The data stream is stored together with warranty 
and repair data and consists of approximately 15TB data today. One of the product groups has 
also GPS connectivity and provides positioning data. The data used for analysis is numeric, the 
textual data has turned out to be inadequate for the time being.  
 
The data is used for learning about the products by solving customer support cases and by product 
management to get an understanding of the product behavior in use at the customer. For an 
example it can be an issue that the self-navigating products get stuck. Data from these can be 
analyzed to detect potential patterns that might not be noticeable otherwise. 
 

5.3 Data collection 

The big data department strives to gather as much unstructured data of different kind from as 
many sources as possible, which was the second most frequent theme in the interview, see 
appendix F. The motive is that you never know what data you might need in the future and the 
more data you have, the more can be learned. It would e.g. be of interest to analyze the available 



data today with social media and sales data, and see what could be learned out of that. These 
initiatives must follow regulations, e.g. the EU regulation General Data Protection Regulation 
(GDPR). The ambition is to introduce predictive analysis, machine learning and Artificial 
Intelligence (AI) in the future. A future challenge will also be to find out how to tackle 
outsourcing and the supply network from a data perspective. The big data roll out is implemented 
step by step. Next on the agenda is to retrieve data from R&D lab and production. 
 

5.4 Organizational challenges 

Three major interrelated challenges exist and those are trust, comprehension and prioritization. 
Several departments consider their data sensitive and wants to have control of it. It would e.g. 
have a very negative impact if sales or manufacturing data became available for competitors. 
There exist a resistance to store these data in the cloud based system even if it fulfills security 
standards and from a data security perspective most likely is as secure as current solutions. People 
seems to perceive that the data is more in their control with current solution and do not trust 
cloud based systems. 
 
The big data team finds it difficult to explain the benefits with collecting data and the analysis 
that might be possible in the future. It seems to be too abstract for many. It is also a challenge to 
motivate that data collection must start much earlier than analysis in order to have needed data. 
The interviewee returned to this topic most often. Involved organizations are focused on cost and 
near time challenges resulting in that big data strategy is not prioritized in daily work. Although 
the opinion about big data is getting more positive, not all engineers are interested in data analysis 
in general. The experience within data analysis varies within the company. Some organizations 
are highly experienced, but overall the company is perceived to be inexperienced in data analysis. 
New employees with another background accelerates the maturity and the people working with 
the connected products are mature data users. An impression is that those who looks upon the 
product as providing a service seems to have a more positive attitude. It is also believed that there 
is a link between the interest in data analysis and for the products life cycle. The interest for the 
life cycle will increase when the engineers sees the feedback from analysis.  
 
The plan is to establish a network of domain experts. These persons shall have in depth 
knowledge within another domain than data analysis, e.g. design. It is found to be necessary to 
combine the data analysis expertise with in depth knowledge within the analyzed area to obtain 
insightful analyses.  
 
The company have not executed any Return on Investment (ROI) calculations, neither have they 
found a method for doing so. This is believed to be helpful in explaining the benefits with data 
collection.  
 
The general management has set clear intentions and prioritized areas for continued big data roll 
out, but there exists some ambiguity about what is the best next step to take.  
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6 ANALYSIS  

In this chapter the result from the research is discussed in relation to the research questions. 
 
The aim of the present study was to examine how data is used within product development, which 
was specified with following two Research Questions (RQ): 
 

RQ1: Why is data used within product development of manufactured products?  
 

RQ2: What are the characteristics of the data used within product development of 
manufactured products? 

 
The results from these RQs will be discussed in following chapters. 
 

6.1 RQ1: Why is data used within product development of manufactured 
products? 

This study has identified following rationales behind the use of data within product development 
of manufactured products. It can be learning about the customer, learning about the product or 
describing the product. In this study, the customer can either be the user of the product or the 
owner. The data about the product includes the data defining the product, data describing the 
environment and data about the supply process involved.  
 
Learning requires action (Daft and Weick, 1984), which could be described as the different 
product development activities i.e. decision making, analyze, verifying and calculations. 
Examples of learning at the interviewed company were the use of data for understanding product 
behavior at the customer and product fault identification. The purpose of describing includes 
making product data available for other organizations to enable collaboration in product 
development and reusing product data, e.g. at later product development projects as mentioned 
in the literature.  
 
The data used for describing the products are very alike the product specifications in PLM theory, 
in both cases the data is used to define the product. The rational of collaboration is also consistent 
with PLM. At the interviewed company the data from different sources were used for big data 
analytics to describe patterns and correlations not possible to identify with data from one source, 
which is in line with big data theory (Mayer-Schönberger and Cukier, 2013). That is a unique 
finding from the interview, none of the papers in the literature review discuss the use of several 
sources as a method to identify novel correlations. Employees at the company have found these 
big data analytics useful, but this study cannot state if the company has become more successful 
by using several different data sources. It would have been interesting to compare such findings 
with the conclusions made by Frishammar and Ylinenpää (2007) proposing that information 
from several different sources is associated with high NPD performance since data is the raw 
material to information (Bender and Fish, 2000).  
 
Frishammar and Ylinenpää (2007) propose that the organization should focus on the information 
mostly needed at the particular product development phases because different information is used 
at different product development phases (Frishammar and Ylinenpää, 2007, Zahay et al., 2004) 
Previous research indicates also that the early phases are more information intensive (Zahay et 



al., 2004). This study has found that data is used for design activities throughout the product 
development but cannot quantify if the amount of used data varies between the different phases. 
The included literature is also in most cases too vague to draw conclusions about when the data 
is used in the product development process. The interview indicates that data is collected and 
used independent of project phase. This finding was unexpected, the study strived to map the 
data according to the different product development phases, but stopped doing so because it 
would require too many assumptions about when the data was collected and when the different 
design activities were conducted. 
 
An interesting finding is that the interviewed company has a strategy to collect as much data as 
possible, even in the absence of a specific purpose beforehand because it may be useful in the 
future. That approach is very different from the papers in the literature review, which have a clear 
motive for data acquiring. See for an example Alzghoul et al. (2014) using sensor data for fault 
detection or Carulli et al. (2013) using VR for customer feedback. In the literature there exists a 
coupling between the data and the design activity, which is different from asking what can be 
learned from available data.  
 

6.2 RQ2: What are the characteristics of the data used within product 
development? 

The characteristics of the data is proposed to be described in terms of content and flow. The data 
content can be simple or complex. Free text from product forums and emotions are examples of 
complex data and they have in common that pre-processing is needed before analysis. Flow 
describes the data generation rate. Moving data is continuously generated or updated while 
steady may be created upon request or is static. Notice that the flow does not tell how often the 
data is acquired or analyzed in the product development process, it describes the behavior at the 
data source. The data can be moving and the choice could either be to only use a snap shot of the 
data flow once or the choice could be frequent analysis. These themes recurred throughout the 
literature and were also applicable for the big data used at the interviewed company.  
 
Both the interviewed company and a case study included in the literature review (Bosch-Sijtsema 
and Bosch, 2015) shows how moving customer feedback data is used for product development 
in use phase of the product life cycle. This is different from how Ullman (2010) explains the use 
phase in the product lifecycle, which is described in terms of using, cleaning and maintaining the 
product in terms of repair. Not including further development of the product. Bosch-Sijtsema 
and Bosch (2015) propose that the product is constantly optimized and iteratively developed 
when analyzing the user behaviors. In this case the product included SW providing the data, 
which also is the case for the interviewed company. This approach sets probably other 
requirements on the PLM in terms of how to handle toll gates and in communication of frequent 
product data updates compared to the more static approach presented by Ullman (2010).  
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7 CONCLUSIONS AND DISCUSSIONS 

This chapter concludes the major findings of this study, discusses the results, the research 
methods and propose areas for further research.  
 

7.1 Conclusion 

This thesis set out with the aim to study how data is used within product development of 
manufactured complex products. The first RQ in this thesis sought to understand why data is 
used in product development. The second RQ sought to identify the characteristics of the data 
used within product development. With respect to the first RQ it was found that data is crucial 
for several product development activities. Learning about the customer, learning about the 
product or describing the product were identified as the main themes and rationales for using 
data. Studying the second RQ about the data characteristics revealed that it can be described in 
terms of content and flow. These findings are consistent with both the included literature review 
and the interview. But there exist also a contradiction between the literature and the interviewed 
company. The interviewed company collects data without a specific purpose and the data is 
considered valuable because of future potential findings, which is different from the literature 
that presents how specific data is used for specific purposes. Another conclusion is that the data 
is used to develop the product in the use phase, unlike the product life cycle model presented in 
the theory. It is also evident that current research is skewed towards theoretical research and few 
studies have been published in product development journals. The result of this study do also 
propose that the analysed research neither address the challenges in practice nor attend to the 
methods used within big data. Therefor it is proposed to undertake further empirical research in 
the use of data, especially big data within product development. 
 

7.2 Discussion of results 

Based on this study it can be concluded that data is used within product development either for 
learning about the customer or the product or describing the product. The used data is 
characterized by content and speed that could be simple or complex and moving or steady. These 
themes about the rational, object and data characteristics are novel. No other literature review 
has been found studying why data is used within product development from so many different 
perspectives since 2010. Two other literature reviews were identified studying more specific 
fields of using data within product development, simulations and sustainability. The included 
literature review contributes to the existing research by summarizing and categorizing the 
literature according to the above mentioned themes. For the practitioner it gives an overview of 
how data can contribute in several design activities. The study also indicates that big data can be 
useful for identifying novel ideas for further product development and it enables development of 
products, that otherwise would be much more difficult to realize. 
 
In the presentation of the papers in chapter 4.3 we can find that a variety of different data is used 
within product development, i.e. customer survey data, customer review data from internet, 
operation times, CAD data etc. It would have been of interest to complement the presented 
themes with categories representing these different types of data that is used within product 
development in combination with a more detailed break-down of the presented categories of 
learning and describing. This would increase our understanding of for what purposes different 
data is used. If the results also were complemented with the methods used for data collection and 



analysis it would give us valuable insights into what practices are used and for what specific 
purposes. The results could support further development of best practices and be valuable for 
practitioners as a source of inspiration and for bench marking to identify strengths and 
weaknesses in their existing utilization of data in product development. 
 
An important finding is that the company found value in collecting data without a specific 
purpose, because it could be useful in combination with data from other sources and reveal novel 
correlations. It is interesting from two perspectives. Firstly, the existing research has been 
focused on analysing one data source at the time, the combination of several sources has not been 
studied. Secondly the research papers has a specific purpose for the collected data, a design 
activity to solve. The company used an open minded approach in analysing the data to see what 
novel correlation that could be discovered. The use of several data sources and striving to collect 
large data sets is common in big data theory, and since these theories are absent in the research 
papers can explain the disparity between the literature review and the interview. This finding 
indicates that data in itself has a hidden potential value. Therefor it is also logical that the 
company considers data as a corporate asset that should be analysed in a broader perspective than 
product development specifically. Be aware that the interview did not map the use of data from 
all aspects at the company. The company most likely uses data both with and without a specific 
purpose. This finding reveals a gap in existing research about big data methods. 
 
The theory describes that product development ends before manufacturing and is followed by 
the use phase. The learnings from the use phase serves as input to the next development project 
(Ullman, 2010). This study reveals that this is not always the case in practice. The data collection 
continued after product release to learn about customer and product behavior in use phase. The 
learnings from these data were used for developing the product further. Bosch-Sijtsema and 
Bosch (2015) propose an iterative product development. The interview indicates that utilization 
of big data encourages a different mindset from the designers, to see the product more as a service 
that needs attention after product release. Several possible reasons may explain the iterative 
product development that continuous in use phase. The products are too complex to enable 
verification of all possible cases that might occur. The companies releases the products earlier to 
the market. These findings are valuable by raising the awareness regarding the possibilities to 
utilize data collection in use phase for product development and bringing up the question about 
how to organize the product development and PLM. 
 
This thesis has revealed that there exists a gap between the existing research and the challenges 
that the company is dealing with. Beside the above mentioned cases, the literature does not 
address how AI or machine learning that the company plans to implement can be applied in 
product development. Both these applications are data dependent applications. Neither does the 
literature give guidance or best practice in how to implement big data analytics within product 
development. Current research is also heavily skewed towards theoretical studies, and 
unbalanced in that sense.  
 
These identified gaps and findings, the identified themes and the structuring of the included 
research papers accordingly in the literature review complements existing research. These 
findings are considered useful as a foundation for further research. 
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7.2.1 Other findings 

Quality of data 

Some of the included papers in this study indicates that the characteristics of the data also could 
be described in terms of transparency. Examples of low transparency are when the data provider 
or user is not aware of data collection (Bosch-Sijtsema and Bosch, 2015) or when the data analyst 
does not have relevant data regarding the context behind the acquired data (Brombacher et al., 
2012). Theory states also that data can be manipulated to suit other unknown interests (Lazer et 
al., 2014). Questionable data quality can to some extent be compensated by high volumes of data 
according to big data theory (Mayer-Schönberger and Cukier, 2013), but it is unclear to what 
extent. Few of the papers in this study reflects about data transparency and quality and the 
conclusion is that more research is needed to understand the impact.  
 

7.3 Discussion of research method 

This thesis relies on the findings from a systematic literature review complemented with an 
interview. The research has been limited to studying data in the context of product development 
of manufactured physical complex products. The use of data in product development in other 
areas might be more mature from a data analysis perspective, and may complement the findings 
presented in this thesis. The major limitation of this study is the scarcity of empirical data, both 
in the researched literature and in this study, which is based on one interview. The validity of the 
findings from the interview would be strengthened if similar findings were identified in research 
including more interviews, observations and other companies allowing a more thorough 
triangulation (Yin, 2009). The strength in the study is that it has been systematic.  
 

7.4 Suggestions for further studies 

More research including several interviews complemented with observations at different 
organizations is needed to extend the empirical data, which as earlier mentioned both this study 
and the existing literature as concluded in the literature review is short of.  
 
A natural progression of this study is to research the type of data and methods used as mentioned 
in the discussion of the results, but also to explicitly study how more novel methods, i.e. big data 
and AI, can be utilised to strengthen product development. It would also be of interest to study 
how data from several sources, e.g. from adjacent internal and external processes, can enhance 
learning in product development. Research is also needed to understand how big data and AI will 
impact the product development process, organization and PLM. 
 
A likely outcome of the proposed research would be an overview of the possibilities of using 
data within product development and when complemented with research within change 
management could be of support for practitioners when implementing new data analytics. 
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Appendix A: Search history scoping review 

 
Date of search Data base Years  Search term Number 

of hits 
Comments 

2016-08-30 Discovery 2000- “product development” 
AND “big data” NOT 
“health” 
Titles only, English, peer 
reviewed. Disciplines: 
“Business & Management” 
AND “Engineering”. 

39 
(duplicat
es 
removed) 

After screening: 4 articles, incl. 2 
conf. papers. Excluded papers not 
related, e.g. about IT infrastructure, 
supply chain. 
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Appendix B: Search history 

 

 
 
 
  

Date of search Data base Search term
Number of 
hits

After 
removing 
duplicates

After titles 
screening

After 
abstracts 
screening

Where of 
>=2010

After 
intro. & 
conclusion 
screening

After full 
text 
screening

2016-09-05_1 Scopus

TITLE-ABS-KEY ( data*  AND  "product 
development" )  AND  DOCTYPE ( ar  OR  re )  
AND  SUBJAREA ( mult  OR  ceng  OR  chem  
OR  comp  OR  eart  OR  ener  OR  engi  OR  
envi  OR  mate  OR  math  OR  phys )  AND  
PUBYEAR  >  2001  AND  PUBYEAR  <  2017  
AND  ( LIMIT-TO ( SUBJAREA ,  "ENGI" )  OR  
LIMIT-TO ( SUBJAREA ,  "BUSI" )  OR  LIMIT-
TO ( SUBJAREA ,  "DECI" ) )  AND  ( LIMIT-TO ( 
LANGUAGE ,  "English" ) )  AND  ( LIMIT-TO ( 
SRCTYPE ,  "j" ) ) math  OR  phys )  AND  
PUBYEAR  >  1999  AND  ( LIMIT-TO ( 
SUBJAREA ,  "ENGI" )  OR  LIMIT-TO ( 
SUBJAREA ,  "BUSI" )  OR  LIMIT-TO ( 
SUBJAREA ,  "DECI" ) )  AND  ( LIMIT-TO ( 
LANGUAGE ,  "English" ) )  AND  ( LIMIT-TO ( 
SRCTYPE ,  "j" ) ) 1814 1811 535 232 123 70 62

2016-09-08:1
Web of 
Science

You searched for:   TOPIC: (data* AND 
"product development") 
Refined by: DOCUMENT TYPES: ( 
ARTICLE OR REVIEW ) AND 
LANGUAGES: ( ENGLISH ) AND 
RESEARCH AREAS: ( ENGINEERING OR 
OPERATIONS RESEARCH MANAGEMENT 
SCIENCE OR SCIENCE TECHNOLOGY 
OTHER TOPICS ) 
Timespan: 2001-2016. Indexes: SCI-
EXPANDED, ESCI. 1251 798 199 91 40 21 20

Total: 3065 2609 734 323 163 91 82



 
Appendix C: Coding manual 

 
Research Dimension Answer 
Search ID 2016-09-05_1 Search done 2016-09-05 in Scopus database. 

2016-09-08:1 Search done 2016-09-08 in Web of Science 
database. 

Author The name of the author, or names. 
Year Publishing year 
Title The title of the article 
Research method Theoretical / Conceptual 

Case studies 
Surveys 
Literature review 
Others 

Purpose of the study Short description of the main purpose of the study  
Conclusion Short conclusion of the findings of the study 
Comments/perspective/theme Key words that may be relevant for coding. This field also 

used for notes. 
Match with previously 
identified themes, categories? 

Yes 
No – Decide upon if a new category/theme should be added. 
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Appendix D: Coding description 

 
Theme Category Key words / description 
Rational Learning Decision making: decision, decision support, 

selecting, assess, prioritizing, forecast, predict, 
evaluate, estimation 
Knowledge: understanding, comprehend, analyze, 
explore, investigate, interpret, insight, monitoring, 
identify 
Innovation: idea generation 
Design: engineering input, measure, calculation, 
develop, simulation 

Sharing  Information integration, reuse, tracked, represent, 
exchange, collaboration, sharing, retrieval,  

Object Customer/owner Voice of customer / customer voice, customer or 
user requirement/request/need/want/ 
preference/feedback, decision making – market 
positioning, customer satisfaction, customer 
complaints, Kansei, Kano, feature fatigue, Quality 
Function Deployment (QFD), House of Quality, 
lead user, customer co-creation, user data-driven 
innovation, 

Product Sustainability: Life cycle Analysis (LCA), Design 
for Environment (DfE), sustainability, 
power/energy consumption, carbon emission 
Process data: manufacturing, supplier 
Qualification of design: , fault/failure detection, 
Failure Mode Effect Analysis (FMEA), virtual 
testing, reliability estimation 
Descriptive: CAD model, geometrical, tolerance 
data, material, product structure, operation time, 
cost, patent   
Design: FEM, Design of Experiments (DoE), 
design partner  

Other Stakeholder, expressed generally 
Data characteristics 
Content 
 
 
 
 
 
 
 
Flow 

Simple, quantitative Data that doesn’t need to be translated into other 
formats or needs to be processed before analysis, 
e.g. geometrical data. 

Complex, qualitative Data that needs to be translated or processed 
before analysis. Examples: textual data, word of 
mouth, emotional attributes, aesthetic attributes, 
haptic characteristics, unstructured data, emotion 
recognition data, qualitative, auditory 
characteristics, linguistic, emotion, 

Moving Data is generated continuously, there exists a flow 
of data. E.g. data from sensors, on-line 
communities, social media.  

Steady Data is static. There is not a flow of data, it is 
often created when needed, e.g. customer survey 
or a patent.  

 
 
  



Appendix E: Interview guide 

 
Instruction to interviewer 
Ask if it is ok to audio record the interview and inform that the recording and transcripts will be 
strictly kept by the researchers and not shared to other companies. 
Ask about if it is ok to mention company name in report. 
 
Introduction 
The aim with the interview is to get insight of how data, data analytics is used within your 
company and the challenges for the future in general, and within product development 
specifically. 
The interviewed person will be anonymous and the results will be synthesized. 
Definition: Product development includes all activities involved, not only the design of the 
product itself.  
 
Questions 
See next page 
 
Conclusion 
If appropriate, conclude with perceived key learning points. 
Thanks to the interviewee! 
If appropriate, follow up how the interviewee perceived the interview. 
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Questions 
 
About you 

• Your name? 
• Please describe your position and organizational belonging. 
• How long have you been working for the company, organization? 
• What is your education and previous work experience? 

 
About the products 

• What types of products are developed? 
 
Purpose with using data 

• What is data for you, how do you define it? 
• What is data used for today? 
• How long have you been working accordingly? 
• Have you seen any benefits by using data? 
• How is data used in product development? 

 
Data characteristics 

• What type of data is used? 
• Is it qualitative, quantitative, steady, moving…? 
• How is it retrieved? When is it retrieved? What life cycle? Tools/methods? 

 
Organization / people 

• What is the attitude to data in your organization? What opinion does people have about 
using data? (Culture) How did these people react to the change? 

• What competencies are needed?  
• Have the employees working with data any special training? 
• Are there any roles / organizations more involved in using data? 

 
Future 

• What are the challenges? And challenges in your position? 
• In your opinion, what is new today? Considering “Big Data” etc.  
• What changes would you like to see? 

 
Final question 

• Anything else you want to raise/add? 
 
  
 
 
 
 
 
  



Appendix F: Content analysis 

 
This table describes the most frequent topics during the interview. 
 
Frequency Theme Description of theme 
11 Motivate/Communicate Activities to explain and motivate data collection. 
9 Data collection Expresses a need to collect more data. 
5 
 

Big picture Too see the whole life cycle and supply network. To 
have different sources of data. 

4 Data security Expresses worries about the data security.  
4 Learn Express a need to understand the data context. 
4 Cost Costs related to big data. 
4 Analysis Different analysis methods. 
4 Organization Different organizational aspect or ways of working. 
4 Roll out Relates to how the roll-out should be executed and 

how to evaluate the big data maturity in the 
organization. 
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