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Abstract. This study investigates how to exploit big data to increase knowledge in the early design 

phase within new product development through an industrial application. There are limited research 

and a scarcity of empirical studies that show the use of big data within new product development in 

manufacturing industries. Shorter design cycle demand, rapid decision-making, and the need for data-

driven methodology are evident. An increase of knowledge through big data analytics, closing the 

loop with a knowledge base, has become a critical success criterion within the various industries. 

This paper reviews the state-of-the-art in academic literature and investigates a case company. The 

case uncovered a gap of limited feedback into the early design phase. We developed a generic agile 

approach to extract value through analyzing big data. To fill in the identified gap, we tested our 

approach on a sample of big data, including both internal and external user data. Positive feedback 

from a survey complemented by interviews indicates that our method can aid decision-making within 

the early design phase by acquiring a more data-driven methodology. 

Introduction 

In a closed-loop with a knowledge base, big data analytics has become an emerging trend in extract-

ing information patterns. These patterns can be fed back into the New Product development (NPD) 

process to increase knowledge. The paper highlights the “as-is” situation from an academic “state-

of-the-art perspective” and presents an industrial case. 

The case is a medium-sized Scandinavian supplier of high-tech components (Company). The manu-

facturing Company supplies a range of those components to large international systems suppliers. 

The manufacturing Company’s NPD process covers the complete process from receiving an order to 

market launch and then phase out. This study mainly focuses on the early phase. It includes the fol-

lowing steps in the NPD process: Design preparation, selection of critical design aspects, and evalu-

ation.  

Problem statement. The Company identified a need to integrate big data analytics into its knowledge 

base to shorten its development cycles. The Company did not use available data to support decisions 

in the early design phase within the NPD process due to the datas’ complexity. The data varied from 

structured to unstructured data. Besides, data lacked structure and sufficiency. There was inadequate 

documentation of what is necessary to be able to exploit the data. We expected that decisions made 



 

in the early design phase could be supported by exploiting external data. This expectation was the 

starting point of our research, and this paper explores the following research question: 

How to exploit big data to offer more fact-based design decisions within new product development? 

For the case, we find that the manufacturing Company can further enhance design decisions in the 

early phase of their product development by identifying a pattern between multiple data sources. We 

recommend using a data-driven feedback loop.  Data sources typically include both internal and ex-

ternal data. 

Content. The first section of this paper highlights the theoretical foundation. It consists of the fol-

lowing sub-sections: the knowledge framework, big data definition, knowledge increase in new prod-

uct development, a review of best practices, and customer involvement through user data. There is 

then a section with the research methodology. Next, the paper identifies gaps by analyzing the “as-

is” situation - current practice in the Company and proposing an approach to cover this gap. 

Furthermore, the paper shows how we tested our approach on a sample of big data. We evaluated our 

approach through a Likert scale survey and interviews. The article provides a thorough discussion, 

including a critical reflection, financial perspective, and suggestions for further research. Finally, the 

study wraps up with a conclusion.  

Theoretical Framework 

This section introduces customers as a source of data. It also reviews the state-of-the-art in academic 

literature on “how to exploit big data in general and customer feedback data in particular.” Further-

more, we look at conceptualization that is how to transform this data into knowledge. We base this 

transformation on the knowledge management model: Data, Information, Knowledge, and Wisdom 

(DIKW) hierarchy. Further, we highlight how this knowledge relates to NPD through a Systems 

Engineering approach, and we present our definition of big data. 

The Knowledge Framework: Data, information, knowledge, and wisdom 

This study bases data, information, knowledge, and wisdom definitions on the DIKW hierarchy. This 

hierarchy is a widely recognized concept that constructs our knowledge management model. Figure 

2 illustrates the five different layers in the DIKW hierarchy and a conceptualization of the knowledge 

management model. (Rajpathak & Narsingpurkar, 2013; Unhelkar, 2017) states that this model is 

decisive in efficiently managing big data to further make it exploitable in decision-making within the 

NPD process. 



 

 
Figure 1. DIKW hierarchy, from observation to wisdom based on Rajpathak & Narsingpurkar, 

2013; Unhelkar (2017) 

In the context of this study, observations are facts collected and based on the research question de-

rived from a Root Cause Analysis (RCA). Generally, observations are highly affected by the under-

standing of the observer. The observer usually complements the observations through interviews. A 

collection of observations constructs data. Data varies from structured data (data organized in rows 

and columns) to unstructured data (such as images). The data we collected from Company includes 

a combination of both; structured and unstructured data. Information is extracted data that is pro-

cessed to be valuable. This data aims to answer the questions: “who,” “what,” “where,” and “when.” 

Knowledge emerges from the application of data and information by answering “how” questions. 

Knowledge and its reuse form the foundation of the NPD process. 

Unhelkar (2017) describes an agile knowledge management model that aims to shrink the NPD pro-

ject time and increase customer satisfaction by improving product quality. According to Ackoff 

(1989), the development process usually utilizes a combination of data, information, and knowledge. 

Wisdom is the integrated knowledge that adds value to the organization through best practices and 

lessons learned. Expertise and insight of the Company’s key persons especially initiate wisdom. (Raj-

pathak & Narsingpurkar, 2013; Ackoff, 1989). 

Big data definition 

The term big data has become broadly used and has several definitions. Many authors and practition-

ers have used the notion (V) to define big data. Kwon and Sim (2013); Russom et al. (2011); Laney 

(2001) define big data in terms of the 3Vs: Volume, Velocity, and Variety. Gantz and Reinsel (2012); 

Dijcks (2012); Gogia et al. (2012) have extended the definition by adding value as the fourth V (4Vs). 

Besides, White (2012) suggested adding Veracity as the fifth V (5Vs). In this context, “Volume” 

refers to the vast amount of data. “Velocity” refers to the speed at which new data is generated, 

whereas “Variety” represents different types of data. The fourth V, “Value,” refers to how we can 

benefit from big data by turning it into value. “Veracity” includes biases in the data and strives to 

encompass the level of sufficiency or insufficiency of the data. 



 

Besides the five dimensions, The Method for an Integrated Knowledge Environment (MIKE2.0) pro-

ject introduces a seemingly contradictory notion of big data: “Big Data can be very small and not all 

large datasets are big” (MIKE2.0, n.d.). This definition attributes complexity and not size as the 

dominant factor. However, according to a more anecdotal description, big data is beyond conven-

tional tools’ capability to process. NIST supports this idea and states that big data is data that ‘‘ex-

ceed(s) the capacity or capability of current or conventional methods and systems” (NIST, 2017). 

Complexity and data size are the main characteristics of the Company’s data. Complexity in terms 

of Variety (structured and unstructured data) and Veracity (insufficiency and lack of structure). In 

this study, we, therefore, define big data based on both literature review and on-site observation in 

Company as the following: 

“Big data refers to datasets whose size or complexity exceeds the capability or capacity of current 

or conventional methods or data management systems in Company.” 

Knowledge increase in new product development 

Systems Engineering proposes a systematic approach to enhance design options and develop more 

cost-effective systems based on system thinking (Baxter, 2011; Moser, 2013; Camelia & Ferris, 

2016). Systems Engineering aids in identifying gaps through applying an interdisciplinary and holis-

tic approach. In general, integrating big data into various engineering processes, including NPD pro-

cesses, can fill these identified gaps,  

Figure 2 shows the design process paradox (Ullman, 2010). As the Figure indicates, knowledge in-

creases as the project progresses. Unfortunately, design freedom disappears when knowledge rises to 

its peak. 

Thus, it is crucial to consider the whole product life cycle in the NPD process, especially design 

decision-making, for two main reasons (Ullman, 2010). Firstly, making changes in the later phase 

rather than in the early phase of the product life cycle results in exponentially increased costs. 80% 

of a product’s cost can be determined through decisions made during the design phase (Duverlie & 

Castelain, 1999). Secondly, the product life cycle affects both product quality and customer satisfac-

tion (Ullman, 2010). 

Integrating available big data in decision-making contributes to cost reduction, improved product 

design, quality, and customer satisfaction (Rajpathak & Narsingpurkar, 2013). Additionally, Raj-

pathak & Narsingpurkar (2013) argue that big data analytics can close the loop with the knowledge 

base by extracting information patterns that can provide feedback into the design. 

 
Figure 2. Design process paradox Ullman (2010) 



 

Reviewing state of the art in the industry 

We conducted a literature review to gain an insight into how best-in-class high-tech companies ben-

efit from their stored big data. Companies’ data are generally not available in a simple format but 

dispersed across the whole enterprise. Thus, companies need a well-defined strategy to collect, store, 

synthesize, and disseminate this data in the form of knowledge (Rajpathak & Narsingpurkar, 2013). 

To derive maximum business insights from big data, companies’ IT infrastructure needs to be mod-

ified to manage complex and large volume data. Thus, organizations need to have appropriate insight 

into their data and a clear strategy for merging it with their IT systems. Furthermore, it is crucial to 

establish a close collaboration between the large international industry manufacturers and suppliers 

to increase product quality. Such cooperation is achieved by sharing information and knowledge 

through cooperative product lifecycle management (PLM) systems. Thus, holistically understanding 

the value chain is essential (Rajpathak & Narsingpurkar, 2013). 

The top U.S.-based manufacturers within the aerospace, automotive, and high-tech electronics indus-

tries spent $26 billion on warranty claims. These warranty claims are the all-industry average cost 

between 2003-2018 (Week, 2019). Best-in-class manufacturers can capture data generated from war-

ranty claims, quality testing, and diagnosis. By converting this data into a valuable knowledge base, 

they can exploit warranty claims as additional feedback to the R&D department. The collected data 

is supplemented by further analysis to identify correlations in patterns to enhance the NPD process. 

Customer involvement through customer feedback. 

There is little research, and an especial scarcity of empirical studies, in utilizing big data within new 

product development in manufacturing industries (Tiwari, Wee, & Daryanto, 2017; O’Donovan, 

Leahy, Bruton, & O’Sullivan, 2015; R. G. Cooper & Edgett, 2012). The literature reveals a need to 

focus not only on the front-end but also on back-end data. For instance, utilizing customer feedback 

to increase knowledge further supports design decisions (Siva, 2012). 

 (Tatikonda & Rosenthal, 2000) states that the new product development process, especially the de-

sign phase, needs significant information processing from raw data. This data is generally found in 

large volumes dispersed across the Company. Value is created by intelligently extracting necessary 

and accurate information from this data that further substantiates more agile and fact-based decisions 

(DNV, 2016). A survey published by IBM innovation mentioned that using big data and analytics 

increases, by 36%, the probability for companies to be more successful than their competitors (Mar-

shall, Mueck, & Shockley, 2015). 

To a large extent, customer involvement has replaced the role of traditional R&D in the creation and 

marketing of new design concepts in new product development. This replacement is a consequence 

of the time-consuming feedback loop between expenditure and production cycles. (Rajpathak & 

Narsingpurkar, 2013). Cooper proposed customer inclusion as input, and feedback at every step, 

throughout the whole NPD process (Cooper, 1993). Companies can establish this feedback through, 

for example, integrating warranty data as back-end data. Through this integration, companies can 

reduce R&D expenses by understanding unspoken customer needs. 

However, companies also collect customer data during the processing of warranty claims and Post-

sale services. An analysis of this data can reveal information pertinent to both the product and the 

customer, such as mode of failure, defective components, usage at failure, customer usage, operating 

environment, intensity, and maintenance (Siva, 2012). 

The large international industry manufactures, and their manufacturing suppliers can utilize this cus-

tomer feedback to create problem-solving tools. Companies can establish such tools by first gathering 

the data and analyzing it to identify the problem. This problem can then be narrowed down to its 



 

source, i.e., customer-related, production-related, or design-related. Furthermore, companies should 

focus on solving the issue in isolation to create a better product for the customer (O’Donovan et al., 

2015). 

Research Methodology 

The research methodology is based on industry-as-laboratory as we stayed in the Company while 

doing this research (Potts, 1993). We started relatively broad and tested our method on a specific 

case. The study consists of five significant steps: a preliminary study, current practice in the Com-

pany, data-analysis model, iterative case-based data-analysis for specific sub-system (Part), and ver-

ification and validation of the data-analysis model. Figure 3 shows a schematic view of our research 

process.  

 
Figure 3. The research approach visualized by the performed steps 

Preliminary study.  As preparation, we conducted a preliminary study. We started by trying to un-

derstand the Company’s needs and conducted a systematic literature review and semi-structured in-

terviews. We identified and classified sources of big data within the Company. This study enabled 

us to shape the problem statement, as well as determine the research question. 

Current practice. To define the current practice, we applied unstructured and semi-structured ob-

servations. That is, we asked both specific and open-ended questions simultaneously as we worked 

in the Company’s office on the project for almost a year. This type of observation provided us with 

a thorough understanding of the Company’s current state, which helped us identifying business op-

portunities within the Company. We collected archive data from Company’s databases and depart-

ments that constitute our big data. This data included both external and internal data, which also was 

both digitally and not digitally documents. However, the collected data vary between structured and 

unstructured data. We reviewed state-of-the-art continuously during the year of observations while 

we were collecting data and conducting the observations.  



 

Propose a model for data analysis. We develop a generic agile approach to turn big data in the 

Company to value or vice versa. Then, we identified a needed value (i.e., limited feedback into de-

sign) based on observing the current practice and the identified big data within the Company. Based 

on the generic agile approach, we developed a more detailed model to realize the recognized value. 

Data analysis & case. Further, we selected a specific case that we analyzed in detail. The case or 

Part had a sample of identified big data within the Company. This data was needed to realize the 

recognized value. We preprocessed and then analyzed the sample. This sample’s size is mentioned 

under the subsection “Exemplifying our approach on a Case” as the 5Vs make it characterized as big 

data, emphasizing Variety (Mohanty & Srivatsa, 2013).  To generate and formulate the hypotheses, 

we continuously iterated all steps from the “State research question (the last step in the preliminary 

study)  to “ Analyze selected data using, but not limited to, IBM Watson Analytics.” These iterations 

consisted of reviewing the state-of-the-art of academic literature. Further, we evaluated these hypoth-

eses in collaboration with experts within the Company before visualizing the analysis results through 

an A3. Iterating the process at least three times allowed us to narrow down from a broad understand-

ing to concrete research claims (Riel, 2010).  

Verification and validation. Our study conducted a five-point Likert scale survey to verify and 

validate our recommendations (Jamieson et al., 2004). We collected input from 12 respondents, 

consisting of a diverse distribution of disciplines involved in the early design phase in NPD, three 

Test Engineers, three Engineering Managers, four Project Engineers, and two Quality Engineers. The 

survey consisted of the following six elements: 

1. Personal review of the respondents – qualitative 

2. Verification of identified gaps of current practice in Company – quantitative (Likert scale) 

3. Measurement of current insight regarding big data – qualitative 

Presentation of the results (here we presented the results including, but not limited to, fig-

ure 6 to figure 9 before we were continuing the survey) 

4. Measurement of the new insight regarding big data – qualitative 

5. The respondent’s opinions about the use of big data – quantitative (Likert scale) & qualita-

tive 

To evaluate the survey, we applied Net Promoter Score (NPS). We calculate the NPS scores using 

the following formula (Muller, 2013): 

NPS = #strongly agree - (#neutral + #disagree + #strongly disagree) 

Gillham (2008) stated that one of the main limitations when applying observations is the need for a 

complementary research method. To close the loop of the study, we supported the survey by inter-

views. We conducted in-depth, semi-structured interviews with an open framework. This type of 

interview can provide us with a focused, conversational, and two-way communication dialog to ex-

plore issues in-depth and to a further extent (Boyce, Carolyn, Neale, & Palena, 2006). Hence, both 

qualitative and quantitative data support our conclusion. 

We applied Root Cause Analysis (RCA) through the ‘‘Five Whys” technique. This research adapted 

this technique by repeating the question ‘‘why?” five times in the context of interviews, observations, 

and meetings with the Company. The ‘‘Five Whys” technique enabled us to identify the root cause 

of an event, to offer further realizable and implementable recommendations (Andersen & Fagerhaug, 

2006). 



 

This research made use of a sample of stored data from the Company. There are two sources of data: 

internal data and external data (in the form of user data). Due to limited time and resources, we have 

focused our attention on one customer and one system only. In the further, the paper refers to this 

system as Part. 

Results and Analysis 

One of our main results is the architecture model. This model describes and visualizes current practice 

within the early phase of the NPD process in the Company. The model considers gaps that we have 

identified. This study covers what we identify with the main gap; limited feedback of external data 

into design. 

The current practice of new product development process in Company 
– related to the use of data 

This study focuses on the early design phase of the NPD process. Based on our research, we have 

developed a model for the “as-is”-situation - the current practice of the NPD process in the Company 

– related to the use of data, Figure 4.  

When Company receives an order from its customers, Company initiates the first phase of the NPD 

process, i.e., know-how (a feasibility study). This phase encompasses two steps: (1) Design prepara-

tion, including identification of design aspects; (2) Selection of critical design aspects, including 

gathering facts with regards to identified tensions and conflicts and building miniature models, e.g. 

‘‘prototyping”, based on stakeholder requirements (Heemels, vd Waal, & Muller, 2006). To evaluate 

the critical design aspects, Company verifies these aspects through testing. The “Evaluation” sup-

ports the ‘‘know-how (feasibility study)” phase through a feedback loop including data, models, and 

experience. 

We have identified two gaps within the early phase of the Company’s NPD process. This study fo-

cuses on the primary gap. 

Primary gap: Limited feedback of external data into the design phase. The persons making the 

design decisions within the R&D department in Company are not adequately introduced to external 

data. These decision-makers include designers, managers, systems engineers, and functional safety 

specialists. Our observations reveal that external data is available in the aftermarket department. 

However, it is not dispersed across the Company. 

 
Figure 4. The current practice of the NPD process in the Company – related to the use of data 

Secondary gap: Limited use of stored data in the Company’s database. Employees store reports 

generated from test-verification results in an internal database within the Company. Additionally, 



 

this database includes test and inspection reports. However, our observations indicate a lack of guide-

lines in storing information. We have also observed that this lack of guidelines makes it difficult to 

retrieve and trace stored data. Employees share knowledge orally. The mentioned phenomena (miss-

ing guidelines, lack of traceability, and lack of retrievability) results in the following challenges: (1) 

Limited use of stored data; (2) Unstructured stored data. These challenges lead to our secondary 

identified gap. Additionally, we have noticed that some key persons establish their own Excel sheets 

as supportive tools to trace the documents’ history. Figure 4 strives to highlight this gap through the 

orange arrow connecting “Database” and “Design.” 

We have iteratively reviewed state-of-the-art and listed the results of best practices. Then, we have 

mapped these results to Company’s current practice. This process, alongside our on-site observation, 

has led us to suggest integrating external data as an input to “know-how” to cover the primarily 

identified gap; limited feedback of external data into the design phase. The orange arrow represents 

external data in Figure 4 and visualizes how to cover the identified gap. By mapping external data 

into the “know-how” in terms of feedback into the design, we expect that knowledge will increase 

within the early design phase, as Ullman (2010) describes. The orange curve in Figure 5 shows a 

“To-Be” state of this knowledge increase. 

 
Figure 5. “To-Be” state of knowledge increase to break the design process paradox Ullman (2010) 

Turning big data into value - or vice versa  

This section highlights a generic approach to exploit big data. Based on our approach, we introduce 

a more detailed model on how to utilize external data. We exemplify the detailed model on a sample 

of big data to demonstrate our approach’s adaptability and value. 

A generic approach. We develop a generic agile approach to exploit big data in Company, which 

the DIKW model greatly inspires. Figure 6 shows a two-way decomposition approach. This frame-

work provides an agile approach to exploit big data. Hence, we can apply the model in both top-down 

and bottom-up manners. For instance, we apply the top-down approach when we have identified 

stored and available big data. The aim is to add value to the Compay from the stored data. 

In contrast, when we have already identified a required value of the big data (e.g., covering identified 

gap(s)), we apply the bottom-up approach. The iterative circle between “preprocess” and “analyze & 

visualize” in Figure 6 illustrates that we propose several iterations. We repeat this step until a value 

is realized. 



 

 
Figure 6. A generic approach 

A more detailed model. Based on the generic agile approach, we developed a more detailed model. 

Figure 4 visualizes the primary gap of limited feedback of external data into the design phase. The 

architecture model we present in Figure 7 strives to cover this gap by establishing a feedback loop 

from external data into design. 

The letters in Figure 7, A-K, represent the steps alphabetically ordered, whereas arrow-loops demon-

strate iterative steps. Internal data contains a higher number of technical details than external data. 

We vertically visualize this through the level of detail in Figure 7 (Muller, 2005; Muller, 2011; 

Heemels, vd Waal, & Muller, 2006). 

We collect external data received from customers, as the first step in Figure 7. Letter C brings us to 

the second step, data preprocessing. We refined external data through templates that include only 

critical parameters. Through letter D, we feed these templates into a data analysis tool. Based on the 

output of the data analysis, we generate hypotheses. 

To support and further evaluate these hypotheses, we need to include a second source of data. For 

this purpose, letter E leads us to collect internal data generated in Company. Internal data includes a 

higher level of detail than external data. By defining and selecting critical parameters, we thoroughly 

refined this data. Like external data, we developed templates based on the defining and selecting 

parameters from internal data - see letter F in Figure 7. Therefore, we continue the process through 

letter G by feeding the refined internal data into an analysis tool. The hypothesis generated from the 

internal data can now support and evaluate the external data’s hypothesis. Additionally, we have 

evaluated the hypothesis in collaboration with experts within the Company. 

Through letter H, we visualize the results, including the hypothesis, through an A3 overview. This 

A3 overview allows us to extract value by efficiently detecting patterns among the results. We can 

integrate this A3 overview into Company’s knowledge base by following the letter J. However, we 

follow the letter K in cases where the results add no value. This scenario (no added value) can occur 

due to many reasons; data insufficiency is the most significant. Thus, we need to conduct more iter-

ations to preprocess the collected data or collect more data and then preprocess it. Letter K represents 

this in the model (see Figure 7). An additional iteration includes retrieving external data or internal 

data, depending on whether the data is sufficient to add value or not. 



 

 
Figure 7. Exemplifying our generic approach through a more detailed model - From raw data to 

verified recommendation 

Exemplifying our approach on a Case 

We test the approach, explained in Figure 7, on a sample of big data. The sample consists of two data 

sources: external data (i.e., feedback from customers) and internal data. The two sources of data are 

composed of approximately 28 thousand rows and 48 columns. These columns and rows represent 

only the size of the structured data of our sample. The sample also includes unstructured data that we 

also collected and analyzed. 

External data contains all warranty claims received from two customers in the last decade. Due to a 

limited scope in terms of resources and time, we narrowed down the sample even more. We fo-

cused only on the specific Part as our system of interest. To increase the data analysis quality, we 

preprocessed the data by selecting and defining critical parameters. We conducted, in total, 19 itera-

tions to preprocess, analyze, and visualize the data. Through these iterations, we excluded one cus-

tomer due to insufficient data. In this context, insufficient data means that some of the selected crit-

ical parameters were not documented thoroughly. These parameters include, but are not limited to, 

“production year,” “repair year,” and “delivery year” of the Part. Our sample of big data contained, 

after preprocessing, approximately five thousand rows and 21 columns. The 21 columns represent 

critical parameters. We further fed these parameters, together with their rows, into the data analysis 

through the generated templates.  

We have primarily applied IBM Watson Analytics (IBMWA), data analysis and visualization ser-

vice, to discover patterns and meaning in our sample of big data. After feeding Watson Analytics 

with the preprocessed data, we could gain an insight into specific patterns within this data and fur-

ther generate hypotheses. 

To evaluate the hypotheses, we continued to the next step (see letter E in Figure 7.) We collected 

internal data in terms of both inspection reports (reports generated by testing & inspecting external 

data), Engineering Change Notifications (ECN) data, and product line information, which includes 

process changes data. We extracted internal data from the Company’s database to preprocess it fur-

ther with a similar approach as applied to the external data. We then analyzed and visualized the 

internal data using IBMWA. We managed to conduct the same process using the Microsoft Excel 

Analysis ToolPak. We also used this program to analyze external data. 



 

We spent approximately 80% of seven weeks preprocessing our sample of big data. This time esti-

mation also coincides with what is reported in the literature (Hoyt, Snider, Thompson, & Man-

travadi, 2016). Various aspects can increase the time consumed in preprocessing data: 

(1) Data is dispersed across the Company and is therefore not available within one database;  

(2) Data contains different types of document formats, including Excel, Word, and PDF;  

(3) Data has poor quality in terms of structure;  

(4) Data includes insufficient parameters;  and 

(5) Data mapping -the different data sources included different names for the same parameter. 

We generate four hypotheses based on the results of our sample of big data. We visualize the re-

sults, including the hypotheses, through an A3 overview. However, we have been mainly focusing 

on hypothesis H1. This hypothesis indicates that the number of warranty claims has a positive cor-

relation related to total changes. 

Figures 8 and 9 represent an extraction of our visualization of analyzing our sample of big data. 

This extraction shows the Part that has the highest warranty claims in the last decade for one cus-

tomer. Figure 8 refers to one of our critical parameters – “production year.” The columns in the 

Figure represent claims percentage, sales percentage, and failure ratio. The years represent the pro-

duction year for the Part that Company produced from the years 1 to 8. We calculated the percent-

age of the claims by dividing the number of warranty claims by the total number of warranty 

claims. As for the claim percentage, we calculated the sales percentage by dividing the sales quan-

tity by the total sales. Failure ratio refers to the ratio of the number of warranty claims to sales 

quantity. 

Figure 9 provides a timeline representing all changes, including changes in supplier, design, pro-

duction, and process on the Part. We have developed this timeline based on internal data, particu-

larly from ECN data and production line information data. The analysis of our sample of big data 

indicates that Parts produced in year 6 generate most warranty claims (see the column for year 6). 

These warranty claims decreased in the seventh production year (see the column for year 7). 

Our analysis of internal data on Part indicates that the sum of all changes from years 1 to 6 has a 

positive correlation to the total number of customer feedback data in production year 6 (in the form 

of warranty claims). Besides, design changes in year 6 have a positive correlation to total data in 

production year 7. The analysis indicates that design changes interface with other changes such as 

supplier, production, and process. This correlation derives from design decisions’ cumulative effect 

with other changes such as supplier, process, and production changes. In other words, a change in 

design may consequently require changes in supplier, process, and production. Therefore, we con-

clude our big data analysis with our hypothesis indicating that design decisions positively correlate 

to external data. 

 



 

 

Figure 8. The yearly number of claims in percentage (light blue), failure ratio (dark blue), and sales 

in percentage (grey) for the Part. The first two bars have the same scale, where the last one (sales in 

percentage) does not have the same scale. 

 

Figure 9. A timeline that evolved from ECN data for Part the last decade. 

We have estimated that the cost of customer feedback is approximately 20 Million Norwegian 

Krone (MNOK). This cost includes only customer feedback on the Part received from one customer 

for the last decade. 

Verification and validation of the findings 

We conducted a survey supported by interviews to verify our results further. 

Likert scale survey. This study conducted a Likert scale survey for two main reasons. The first 

reason was to verify the identified gaps in current practice for Company’s NPD process. The 

second reason was to measure the “value” of the study.  

Feedback from the survey resulted in a positive NPS for 71% of the statements, whereas the 

remaining 29% resulted in a negative NPS. A positive NPS indicates a high satisfaction level, 

whereas a negative NPS illustrates the opposite; unused potential. Even though we could not 

illustrate our approach’s complexity and details due to the time constraint, the findings we 

presented have 39% more promoters than detractors. Where 45% of all replies were ‘‘strongly 

agree”. 

Figure 10 shows replies from the survey. The two Likert scale questions 2.1 and 2.2 cover the 

verification of the identified gaps in the Company’s current practice. The Figure shows that 

Question 2.1, “Limited feedback of warranty data… ” has a negative NPS of -1. See Figure 10. The 



 

negative NPS of -1 indicates that there are more detractors than promoters for this statement. 

Question 2.2, “Limited use of stored data…” has a positive NPS of 6. 

 

Figure 10. Net Promoter Score results from the Likert Scale questions 

Table 1 proposes an overview of the increased knowledge of big data. Questions 3 and 4 (ref. Table 

1) aim at measuring the difference of insight regarding big data before and after presenting the 

research, respectively. Table 1 shows the results of our perception of increased knowledge, in terms 

of new insight, in percent, after presenting our findings at a high level. We calculate this percentage 

as follows: perception of increased knowledge (%) = (Number of positive answers/Total number of 

respondents) 

For instance, we analyzed the answers to questions 3.1 and 4.1 (ref. Table 1) by comparing the 

respondents’ answers and investigating if the respondents’ knowledge increased as an effect of 

presenting the research results between these two questions. For this example, we found that 10 out 

of a total of 12 answers showed an indication of increased knowledge (see Table 1). Thus, perception 

of increased knowledge  (%) =(10/12)   100 = 83.3%. 

 

Table 1: Increased insight regarding big data after a presentation of research findings 

 

The last part of the survey, part five, aimed at covering the respondents’ opinions regarding the use 

of big data in the Company. The feedback from the survey on this part of the results had a positive 

NPS for 80% of the statements, i.e., from 5.1 to 5.5 questions (see Figure 10). In contrast, the 

remaining 20% of results had a neutral NPS (cf. question 5.3 in 10). 



 

An interpretation of the answers for question 5.6 ‘‘What do you think Company can get from big 

data in the early design phase?”) shows that all the respondents agree that exploitation of big data in 

the early design phase would yield value in terms of knowledge, reuse of knowledge, or both. 

Likewise, the answers for question 5.7 (‘‘From your point of view, what are potential challenges by 

implementing big data in Company?”), highlights the potential challenges of implementing big data 

in the Company. All respondents agreed on the necessity of a template to structure the defined critical 

parameters from the data of interest and the organization of commonly available data. 

Closing the loop with interviews. To ‘‘close the loop”, we conducted in-depth interviews. We 

selected the most appropriate informants for the interviews, in particular four key persons in 

Company, with the following disciplines: (1) Chief Engineer; (2) Manager R&D; (3) Global Product 

Improvement Process (PIP) & Warranty Manager; (4) Functional Safety Specialist. 

The purpose of the interviews was to provide further insights into the verification of the results. We 

covered the negative Part of the NPS (cf. questions 2.1 and 5.3 in Figure 10). All informants, through 

the interviews, agreed on the identified current gaps: (1) Limited feedback of external data into the 

design and (2) Limited use of PLM due to unsystematically stored reports. The informants have 

emphasized that they usually gather information, including documents, orally and through key 

persons. Due to the unsystematically stored documents in PLM, employees developed specific sheets 

to retrieve and trace required documents. 

Furthermore, the informants agreed on the positive correlation between the number of claims and the 

total changes portrayed through the A3. The interviews end by discussing potential ways of 

integrating our approach in the NPD process. We review these discussions as a part of further work 

and discuss possibilities for Company improvements in the next Section - Discussion. 

Discussion 

Through our study, we have developed an approach for exploiting stored and available big data. Our 

observations have revealed multiple sources of data within the Company, such as feedback from 

users, customer feedback on prototypes, end of line test data, production line information, test reports, 

log data from testing, and ECN. We have focused on users’ feedback, complemented by internal data 

in terms of ECN, test & inspection reports, and production line information, to cover the identified 

gap by mapping external data into the NPD process. 

Theoretical and industrial implications 

Our research has both theoretical and industrial implications. We have found a scarcity in academic 

literature, especially empirical studies, regarding big data research. This scarcity includes a lack of 

using multiple sources of data within NPD. We have included two sources of data in our research; 

warranty claims in terms of external data and internal data. Many authors have mainly based their 

research on theoretical studies, whereas empirical research is of a minority. 

We found a contradiction between the academic literature and the way the Company was storing 

data. The academic literature states that storing data takes place for a specific purpose. However, the 

emerging challenge for organizations is to derive meaningful insights from their stored data. We have 

observed that the Company collects and stores data without any specific purpose, except that they 

expect to exploit the data for value in the future. We have developed an approach for how to exploit 

this big data. Our study exemplifies our approach through a sample of big data and visualizes our 

results through an A3 overview. The Company can integrate this A3 into the early phase of their 

NPD process through, for example, knowledge briefs (see Appendix A).  

We observed that the employees did not have a complete overview of which data is available within 

the Company through the preliminary study. Thus, we investigated what is available data within 



 

Company and classified it within this study. While we are conducting our research, we have also 

observed that the Company’s employees have become more concerned with big data as a term char-

acterized by the 5Vs within the Company’s stored big data. Mainly, value (one of the 5Vs)  in terms 

of, but not limited to, applying big data analytics to study design choices and improving customer 

participation in the design in line with design innovation. 

We have stimulated the employees through our work within the Company. For instance, the After-

market department has implemented a classification approach on external data by categorizing dif-

ferent customer-feedback data types to share across the Company. We have observed insufficient 

data within Company’s received external data. In this context, insufficient data can be understood as 

data that is missing parameters, e.g., ‘‘production year”, ‘‘repair year,” or ‘‘delivery year” of a prod-

uct. Thus, we suggest that Company collects more data from their customers. Also, Company has 

expressed its interest in implementing our approach in future projects. This implementation includes 

additional sources of data and processes. 

Furthermore, we have applied “systems thinking” by identifying Company’s gaps through our archi-

tecture model. This model visualizes current practice within Company’s NPD process. “Systems 

thinking” has enabled us to establish a holistic understanding in addressing the complexity of inte-

grating big data into the early phase of the NPD process. We have identified and mapped data sources 

and our main gap (“Limited feedback of external data into the design phase”) through root cause 

analysis, models, loops, and layers. This study primarily used Microsoft Visio to model our figures. 

Further, we applied both IBM Watson Analytics (IBMWA) and Microsoft Excel Analysis ToolPak 

to analyze big data. A brief comparison of these two tools reveals that they mainly differ in speed, 

functionality, and ease of use in IBMWA’s favor. Thus, the Company can implement our approach 

and apply Excel without any licensing with IBM. 

Further work. 

This study exemplified an agile generic approach to exploit big data. We apply this exemplification 

through a more detailed model to cover the identified gap, i.e., “Limited feedback of external data 

into the design phase,” using a sample of big data. This sample includes both external data (feedback 

from users and customers) and internal data. To increase our approach’s validity and reliability, we 

suggest that further work should include other samples and sources of big data. Besides, the approach 

needs to be applied to other sources of data to cover similar gaps. 

Conclusion 

Our research question sought to investigate how to exploit big data to offer more fact-based design 

decisions within new product development. We analyzed the current practice – “as-is” situation in 

the Company through on-site observations and interviews, accompanied by reviewing the state-of-

the-art in academic literature. We have identified a gap in integrating customer-feedback data into 

the early design phase. 

To cover this gap, we have developed a generic agile top-down and bottom-up approach inspired by 

the DIKW-hierarchy. This study exemplifies our approach through a more detailed model on a sam-

ple of big data. Through this sample, we analyzed two sources of big data: internal data and external 

user data. The central hypothesis that emerged from analyzing this sample of big data indicates that 

design decisions positively correlate to external data. This correlation derives from the cumulative 

effect of design decisions on other changes, such as supplier, process, and production changes. Pos-

itive feedback from a survey, complemented by interviews, indicates that our approach can enhance 

early-phase decision-making. Through our contribution, we can achieve this enhancement by closing 

the loop with a knowledge base. Thus, our results emphasize the crucial role of the big data analytics 

closing loop, with a knowledge base trend. 
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