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Abstract

The outcome of the Big Data hype is a widespread delusion that applying Big Data will
instinctively enhance and improve current business activities. Organizations have identified the
benefits and disruptive potential of Big Data such as; value creation, business idea generation, and
innovation. Yet, most organizations do not understand the key factors that go into a successful Big
Data implementation or Big Data’s role for specific objectives. Previous studies show that
unsuccessful implementation of Big Data across organizations is immense, only 27% of the
companies being investigated described their Big Data actions as successful (Capgemini, 2015).
Nevertheless, exponentially increasing data streams enable novelty in methods and processes for
New Product Development. Making Big Data an important enabling element of innovation and
sustainability.

The purpose of this study is to explore and understand what role Big Data holds in the New
Product Development and what factors influence a successful implementation in New Product
Development processes. A qualitative investigation through multiple case studies of diverse
companies in the Netherlands was executed to explore and compare key elements of Big Data in the
context of innovation, and more specifically in the pre-development and formal development phases
of New Product Development. In summary, the empirical findings show that the role of Big Data in
the New Product Development is highly dependent on the ability to understand the specific
objective or problem, and examine if using Big Data is the right approach for solving that problem.
There is a prerequisite for securing distinct resources and organizational capabilities to succeed with
implementing Big Data into the New Product Development. Other important factors that need to be
well considered by organizations when forming an implementation strategy is organization’s data
maturity and effective change management, especially if the organization is utilizing more
traditional innovation processes. However, novel methods rely heavily on extensive and varied data
which translates in an adoption urgency to sustain competitive advantage and secure responsive
innovation.
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1. Introduction
1.1 Background

Given modern industry dynamics, New Product Development (NPD) is becoming more and more
important to achieve growth, sustainability and competitiveness. Several technologies and methods
are used to obtain value and add them to products and services. In order for an organization to be
able to compete and capture market share, it requires to find alternative ways of acquiring a
competitive advantage. Despite of what many decision-makers believe, designing a sustainable
model of value creation and innovation is more efficient in the long term than preserving the
traditional approach (Nidumolu et al., 2009). An important enabling element of innovation and
sustainability is the use of emerging technologies, and the constant improvement of value creation
processes.

Organizations have to innovate in order to survive and evolve. To achieve that, it is vital to
have access to new processes, technologies and knowledge. Therefore, firms should possess the
necessary agility to leverage them and create the new business possibilities. Currently, some of the
rewarding opportunities come from technological achievements and specifically, electronic forms
of information.

In recent time, Big Data has gone from an unutilized phenomenon to a widely accepted
concept to improve business and operational activities. Companies recognize the benefits and the
disruptive potential of Big Data such as; value creation, business idea generation, and competitive
advantage. However, the resources, capabilities, strategy, and knowledge base needed to fully
embed Big Data in their operations might not exist within the company itself. As the technological
ability to capture and store limitless streams of data has increased at a rigorous rate, the
organizational capacities and resources to bundle, analyze and manage the vast quantities of
unconnected data are lagging behind (Manyika et al., 2011; Parmar et al., 2014).

Big Data is a broad term generally referring to very large data collections that impose
complications on current data processing tools for handling, analyzing and managing such. Ohlhorst
(2013) states that a general definition can be abridged into: “Big Data defines a situation in which
data sets have grown to such enormous sizes that conventional information technologies can no
longer effectively handle either the size of the data set or the scale and growth of the data set”
(Ohlhorst, 2013, p. 18).

The use of Big Data for New Product Development is providing the means to new
opportunities. But is it so simple to acquire, analyze and finally implement the changes that Big
Data suggest? According to a research conducted on IT-professionals in 18 countries worldwide,
show that 60 percent of the participants consider that Big Data could improve competitiveness and
management decisions, but only 28 percent of the companies believed that they are extracting
strategic value from this process (European Commission, 2013).



There are many factors that go into successful Big Data implementation. Previous research
on the topic shows that unsuccessful implementation of Big Data across organizations is immense,
only 27% of the companies investigated by Capgemini described their Big Data actions as
successful (Capgemini, 2015).

1.2 Purpose

The purpose of this research is to understand what role Big Data plays in the New Product
Development and what factors influence on how companies can successfully organize and make use
of Big Data in their New Product Development processes. The research will be explorative due to
the novelty of the topic, where the purpose is to investigate how Big Data is used to identify
potential innovation and support the pre-development, as well as the formal development phase of
the New Product Development.

A theoretical framework will examine current organizational theories and methods for
enabling innovation, business growth and adding value through Big Data. Additionally, the
empirical section of this thesis will through a multiple case study go into depth with how Big Data
is interpreted, processed, applied and deployed to assist the New Product Development process. By
providing a foundation of understanding of what role Big Data plays in the New Product
Development and which specific organizational drivers/factors exist in terms of embedding Big
Data in innovational functions, companies will have a basis for where to focus their efforts.

1.3 Research Question

The objective of this research is to explore the role of Big Data in the context of innovation
management and New Product Development. The research aims to identify how Big Data is
currently managed and implemented for driving innovation and New Product Development.
Further, what benefits and managerial challenges are connected to using Big Data within New
Product Development. By providing a foundation of understanding, as to what specific key success
factors exist in terms of stimulating the pre-development and the formal development phase - in the
New Product Development - through the usage of Big Data, companies will potentially have a basis
for where to focus their efforts.

The arisen Big Data movement has given strong incentives to conduct both corporate and
academic research. Yet, existing literature was found to be inadequate regarding the usage of Big
Data in the New Product Development. Theory was either focused on Big Data or New Product
Development, but only a fraction of all subject-relevant publications is exhaustively investigating
their integration. Specifically, great amount of literature investigated the emerging usefulness of Big
Data for commercial purposes other than driving innovation.

Furthermore, many scholars were examining various aspects of New Product Development,
while some of them were suggesting an expanded use of data. Despite the amount of research
conducted in the field, finding theoretical frameworks of integrating Big Data analytics into the
NPD process proved to be a significant challenge. For that reason, this exploratory research will be
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investigating the role of Big Data in the NPD process by combining theories from two different
domains (NPD and Big Data) grounded on the empirical findings derived from diversified corporate
settings. Thus, aiming to address and answer the main research question:

» What is the role of Big Data in the New Product Development?

Together with the following sub-questions which will assist in answering the central research
question:

» What are the benefits of using Big Data in the New Product Development?
- What are the managerial challenges of using Big Data in the New Product Development?

1.4 Empirical Setting

In recent time, the Netherlands has shown high degree of Big Data initiative and utilization from
both the corporate sector and public sector. Many global and leading companies, which are
headquartered in the Netherlands, acknowledge the importance of Big Data. Furthermore, it was
evident that a lot of new Big Data startups were emerging within the Dutch boarders - offering
solutions, consultancy or data-driven products. The Netherlands appeared to be upfront in the
European Big Data development, and for that reason we primarily focused to conduct our research
in that particular setting.

1.5 Limitations

The intention of the thesis is not to cover Big Data as an isolated phenomenon, as there is a notably
large amount of research on the topic, but rather on the utilization and management of Big Data in
New Product Development processes.

The study will not focus on the technical design or functionality of Big Data implementation
and management, e.g. engineering and programming. The central perspective of this thesis will be
through a management of technological innovation point of view. However, it is highly likely that
key technical factors or attributes linked to the usage and implementation of Big Data, that exert
influence, will be explored.

1.6 Disposition

This research will commence with a theoretical framework, which is divided into three parts. The
first part will investigate applied concepts and models of the pre-development and the formal
development stages of New Product Development. Chapter 2.1 (Innovation Management) will
explore the main tools and processes being used for New Product Development (New concept
development model and Stage-Gate model), as well as their implications to better comprehend the
role of Big Data in applied processes. Furthermore, the chapter will explore more recent and
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modern methods that are being implemented which are interconnected with Big Data, such as the
Lean startup method.

The second part of the theoretical framework will proceed with introducing Big Data
grounded in contemporary literature on the topic. This part will cover relevant research theories,
concepts and dimensions of Big Data in context of business and innovational activities. Chapter 2.2
(Big Data) will through existing literature on Big Data explore the relevant meaning of Big Data, as
well as its drivers, benefits and challenges.

The third and last part of the theoretical framework will provide a theoretical investigation
of Big Data implementation features and factors. Chapter 2.3 (Implementing Big Data) will
examine the main factors that go into the implementation of Big Data, as well as draw connections
to the key organizational capabilities that are required based on the existing theory.

Following the theoretical framework, this thesis will present the applied methodology for
answering its central research question and sub-questions. This section will explain and outline the
research strategy, research design, research methods and sampling method used to obtain the
empirical findings.

Subsequently, the empirical findings will be presented in structured tables and followed by
an analysis of the empirics. The last section of the thesis will include conclusions in conjunction
with recommendations and implications of the role Big Data holds in the New Product
Development.
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2. Theoretical Framework
2.1 Innovation Management

Innovations are adopted when corporations combine and integrate them in purposive methods into
current operational activities (Tuomi, 2002). To comprehend the management and integration of
innovations there needs to be an understanding of concepts and definitions. First of all, it is essential
to define innovation. However, a simple and general definition of innovation is almost impossible.
Spontaneous answers to the question “what is innovation?” would often resemble a definition of the
term “invention”. According to Dodgson et al. (2008), “invention” is the conceptualization of a new
idea and its practical application, opposed to “innovation” which includes the entire process of
commercializing a new idea. Chesbrough et al. (2006) define innovation as invention which is
implemented and introduced to the market.

The ability to capture value from innovation is an essential part of achieving sustainable
competitiveness. Grant (2010) argues that successful innovation management can generate value
and long-term financial success. Additionally, it can enable companies to brand themselves as a
productive, creative and stimulating corporate environment to attract and retain expertise and
knowledge. On the other hand, if companies are unsuccessful in their management of innovation
activities they have to confront critical issues such as negative results, and inability to retain and
attract human resources (Grant, 2010).

Corporations have to possess the ability to adapt and evolve for ensuring survival in today’s
global business sphere. The literature on the topic of business studies and innovation management
highlight the importance of being able to adapt to the rapidly changing market conditions (Trott,
2011; Afuah, 2002; Dodgson et. al., 2008; Davila et al., 2013). Accordingly, market leadership is
constantly altered after an introduction of new or improved product, meaning that innovations can
disrupt the current market formations. Innovations can be incremental (i.e. enhancements or
improvements in product design and new features) or discontinuous (i.e. radical or newly
discovered technological innovation without an existing market).

The Scope of Innovations

Product development initiated through already existing technologies, and targeting established
markets is under normal conditions described as continuous innovation. More so, continuous
innovation is associated with products that have been altered by upgrading the underlying
components (Pellissier, 2008). Further, Pellissier (2008) states that the continuous innovation is
connected to improvements of existing components, and not changes to the products.

According to Garcia and Calantone (2002), discontinuous innovation is designation of
radical change - innovation that drives on technology or market discontinuities, or both.
Discontinuous innovation involves a new set of components that are merged through a new product
architecture (Pellissier, 2008). Other research distinguish discontinuous innovation from continuous
innovation by referring to fundamental differences, and a change of existing routines in the
organization (Gopalakrishnan & Damanpour, 1997; Damanpour & Schneider, 2006; Garcia &
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Calantone, 2002). At the same time, continuous innovation entails incremental change, and is
described as a variation in existing practices.

The scope of innovations (continuous and discontinuous) and their total as well as relative
extent of innovativeness has been a subject of debate. Robbins and O’Gorman (2014) highlight that
academic researchers and corporate managers often focus their efforts on exploratory discontinuous
innovation, leaving exploitative continuous innovation in the shadow. Further, existing empirical
research suggest that continuous innovation might not even be perceived as innovation by managers
(Robbins and O’Gorman, 2014).

2.1.1 The Generic Innovation Process

In the literature there is a common idea that innovation should be viewed as a process rather than an
outcome (Boer & During, 2001). This translates into the fact that isolated ideas and inventions need
to be further implemented through a process of commercialization to be regarded as innovations.
According to Damanpour & Schneider (2006), a generic innovation process has a three stage
progression. The three stages of the generic innovation process can enable organizations to
successfully identify, organize, and analyze the key success factors which decisively affect and
drive innovation.

The three stages of the innovation process are: 1) initiation, 2) adoption decision, and 3)
implementation (Damanpour & Schneider, 2006). In the initiation stage the organization identifies
an opportunity or a problem that needs to be solved. Tidd & Bessant (2009) explain that the
initiation stage (*they call it search phase in their innovation process model) should be focused on
detecting indicators of innovation potentials in the corporate environment. Furthermore, the
investigation and evaluation of prospective solutions and proposal of the adoption are mentioned to
be key organizational activities under the initiation stage (Rogers, 2003). Following initiation stage
is the adoption decision stage which is directed towards the decision-making of either accepting or
rejecting the innovation proposal (Wolfe, 1994). Damanpour & Schneider (2006) state that the
adoption decision stage requires senior management’s involvement for evaluation of the proposed
concept and, where an approval from senior management would directly lead to resource allocation.
Subsequently, the final step in the process is the implementation stage. Rogers (2003) explains that
the implementation stage incorporates implementation activities, such as acquiring key resources,
establishing procedures and policies, in addition to assessing an analyzing the utilization of the
innovation.

2.1.2 The Fuzzy Front-End

This paper will mainly focus on the first two segments of the New Product Development process,
and what role Big Data has within those segments. Initially, the first segment is the Fuzzy Front-
end, the initial stage where ideas are generated, opportunities are identified, and business concepts
are defined. Later, the paper aims at the more formal and structured development phase, and takes
into account the sequential Stage-Gate model and emerged Lean Startup method.
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What is the Fuzzy Front-end?

The Fuzzy Front-end (FFE) is the first and initial stage of New Product Development. The Fuzzy
Front-end is the non-linear generator of opportunities, product ideas and concept which, if
successful, are pushed into the formal and structured development process (Cooper, 1998; Moenaert
et al., 1995; Stevens, 2014; Kim & Wilemon, 2002). Further, it incorporates the evaluation and
decision-making about bringing the ideas and concepts into the formal development stage.

Being able to manage the pre-development stage, also known as “Fuzzy Front-end” of the
New Product Development process, is considered to be one of the most important and challenging
modules. Kim & Wilemon (2002) point out that effectively performed FFE activities can possess a
direct influence on the success of a new product. Consequently, project as such are often seen as
unsuccessful at the final part of the NPD process, or in other cases during the formal preceding
stages of development. However, in many cases the source of failure comes from the pre-
development phase. This statement is further strengthen by Cooper (1998) - who highlights the
essentiality of the pre-development stage for product success. However, despite the importance of
FFE, the early stages receive the least amount of resources in the NPD process (Cooper, 1998).
Findings show that many companies identify that the weakness in their New Product Development
process lies within FFE. Herstatt and Verworn (2001) point out that successful and high-performing
products had significantly more (in some cases twofold) resources directed towards the fuzzy front
end than unsuccessful products.

To generate high and successful performance in the FFE, organizations and managers need
to understand the complex elements and the effects of the fuzzy front end (Kim & Wilemon, 2002).
Nonetheless, the difficulty lies in the limited research and outlined structures of FFE and the pre-
development stages in NPD. Kim & Wilemon (2002) argue that such limitation is grounded in the
fact that the FFE stage is typically dynamic and holds no formal structures.
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2.1.3 Elements of the Fuzzy Front End

The complex elements and activities of the FFE are visualized with the New Concept Development
Model (NCD).

|
Ger .
and Enrichment

Engine

(Source: Industrial Research Institute, 2004)

Exhibit 1. An overview of the New Concept Development model (NCD)

The NCD model is composed of three key segments. The first segment is located in the center of
the model which is the engine that drives the five components managed by the organization. The
engine involves the internal environment of the organization, such as corporate governance, strategy
and culture. Koen et al. (2001) argue that a proficient engine is essential to stimulate innovation.
Referring to the fact that the innovation process needs to be aligned with the business strategy
(strategic fit) and ensure continuous corporate leadership involvement.

The second segment is the outer layer which incorporates the influencing factors into the
model. Belliveau et al. (2002) defines the influencing factors as organizational capabilities and
resources, external macro environment (political, economic, social, technological, environmental
and legal) and external micro environment (customers, competitors, distribution channels). It is
improbable for organizations to control the influencing factors entering from the external
environment. Yet, the engine (governance, strategy and culture) is able to alter their impact on the
key activity elements (Koen et al., 2001). Further, Koen et al. (2001) explain that the influencing
factors enable serendipitous discoveries of new ideas through their constant influence on
individuals.

15



The third segment of the NCD model is the inner part of the model containing five activity
elements (opportunity identification, opportunity analysis, idea generation, idea selection, and
concept definition). The five activity elements of the FFE are not structured as a sequential process,
but operate in a flexible order or combination through loop-backs, repetition and redirection
(Belliveau et al., 2002).

The five activity elements of the FFE

Opportunity Identification Identify opportunities through a creative approach (mind
mapping, brainstorming, lateral thinking), problem-solving
approach (fishbone diagrams, process mapping), ad-hoc sessions,
individual insights or senior management incentive.

Opportunity Analysis Information gathering to support and transform ideas into
specified business and technology opportunities. Through focus-
groups, market insight, what-if scenarios, and experimental
research. Further, exploration of strategic fit and extensive use of
business intelligence and trend analysis.

Idea Generation Evolution from opportunity to concrete idea. In this stage, the
idea is being developed, modified and tailored through an
iteration process. The process often involves collaborations with
end-users, cross-functional teams, and other organizations.

15 Sl The activity of screening and selecting which ideas to undertake.

Idea selection decisions are based on either individual choices or
more formal product portfolio management methods. The
restricted amount of information and insight causes inabilities for
formal project selections. Implemented idea selections models
are evaluating and assessing technical and market uncertainty,
investment tolerance, organizational capabilities, and strategic fit
rather than solely focusing on financial returns.

Concept Definition In this stage, the building of a business case is completed

supported by market research, customer insights, capital and
funding requirements, industry analysis, and overall project
uncertainties. The defined concept (business plan or project
proposal) is the final output of FFE before resource allocation
and NPD is initiated.

Table 1. Explanation of the five NCD elements (Source: Koen et al., 2001)
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2.1.4 Managing the Fuzzy Front End

According to available literature on the FFE (Herstatt & Verworn, 2001; Kim & Wilemon, 2002;
Koen et al., 2001; Alam, 2006), certain success factors go into effectively managing and organizing
the pre-development stage. Such factors cannot be regarded as sovereign success factors, thus
organizations have to consider the interdependency of them, and find favorable combinations. In the
previous section, this paper introduced key activity elements of the FFE. Previous theory suggests
specific settings and approaches of these elements to increase the possibility of product
commercialization success.

An important factor for success in the FFE, is the presence of product champions - a senior
individual in command of the internal development and external activities connected to the specific
product. According to Heller (2000), products with product champions have a greater success rate,
since champions promote the interpretation of product concepts, both in the internal- and external
domain.

An organization’s proficiency in concept development and concept definition has a positive
correlation to product success (Cooper & Kleinschmidt, 2001). According to Bacon et al. (1994),
proficiency in concept development and concept definition requires cross-functional evaluation and
information sharing. Bacon et al. (1994) emphasize that results from analysis of information needs
to be communicated across functions to enable the access of the organization’s larger knowledge
base. Furthermore, Bacon et al. (1994) identify the necessity of modifying the concept during the
development. Such concept modifications can lead to ambiguity and interrupt the formal
development, but necessary for adjusting the concept to suit technology- and market changes.

Having the right degree of formalization in the FFE and its activities is essential for success.
Kim & Wilsmon (2002) discuss the absence of formalization in the FFE and how it translates in
managerial challenges for organizing it. Other literature agree on that formalization is necessary for
effectiveness, however, too much formalization and dependency on it can hurt the innovativeness in
FFE. Hence, organizations need to consider what level of formalization is appropriate for their
specific objectives and strategies in the FFE (Boeddrich, 2004; Khurana & Rosenthal, 1998;
Gassman et al., 2006).

Bacon et al. (1994) addresses the importance of the NPD processes being aligned with
general business strategies. Thus, indicate that product developments must take advantage of the
dominant capabilities of their internal organizations. Khurana & Rosenthal (1998) further
emphasize that product strategies need to be aligned with development processes to guide and make
decision-making in the Fuzzy Front-end more efficient. Thus, a significant factor for success is the
ability to establish alignment between business strategies, product strategies and decision-making,
i.e. strategic fit.

Support and involvement from Senior Management in the FFE is considered to be a
significant success factor. Kim & Wilemon (2002) argue that FFE performance will eventually
decline with insufficient support and involvement from the senior management, since support and

strategic alignment in FFE is needed to encourage successful concept development and NPD.
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According to Koen et al. (2001) and Kuhrana & Rosenthal (1998), FFE activities are performed in
small cross-functional project groups, for that reason Senior Management involvement is necessary
for linking key element activities throughout functional boundaries.

Cross-functional integration holds significant importance when structuring the FFE stage.
Kim & Wilemon (2002) explain that organizations with a high level of cross-functional integration
are able to support the New Product Development process more effectively, and adapt to change. In
addition, cross-functional accessibility and sharing of information is essential for FFE. However, a
multifunctional involvement is not considered a success factor by itself. Effective communication
within the cross-functional setting is a key criteria for driving key element activities (Bacon et al.,
1994).

Kohn (2005) states that when it comes to idea identification and selection, organizations
have to use exploratory rather than confirmatory methods for identifying and selecting new product
projects. Kohn (2005) further argues that the purpose of the screening and selecting activities in the
FFE is to explore new opportunities, rather than to reduce managerial- and technological
uncertainty on New Product Development. Langerak et al. (2004) highlight the importance of
customer insights and market orientation in the idea generation and idea selection activities. Hence,
understanding of customer information and their needs is directly related to the effectiveness of
generating new product ideas. Alam (2006) marks that allowing for influences from the external
micro environment, i.e. customers, can aid selection and analysis activities, as well as reduce
product development cycle times. However, Alam (2006) argues that activities should not
completely rely on such influences, due to customers’ inability to fully report their necessities.

2.1.5 Stage-Gate Model

After the initial stage of FFE the project enters a more formal sequential process of new product
development. The Stage-Gate model is a value-creating process and risk model used to efficiently
and profitably transform new ideas within an organization into successfully commercialized
products (Cooper & Kleinschmidt, 2001; Cooper & Edgett, 2010). The Stage-Gate model involves
the complex process of New Product Development (NPD) with a cross-functional view. A process
is separated into different stages (where specific project activities are performed) and gates (where
evaluation of completed activities and so called “go or kill” decisions are made, decisions
concerning if the organization wants to pursue with the project or eliminate it). The complete Stage-
Gate process is compiled by activities in the pre-development phase, the development phase, and
the commercialization phase (Cooper, 2001).

Exhibit 2. An overview of a generic Stage-Gate model for New Product Development
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The Stage-Gate model in Exhibit 2 is an overview of a five stage and five gate process,
including discovery/generation phase and post-lunch review of the product. Cooper (2008) explains
that each stage incorporates a set of required activities that are essential for the project to progress
to the next gate. Each stage is cross-functional. In other words, activities of each stage are
performed concurrently by professionals from different functions (marketing, R&D, finance,
engineering etc.) within the corporation. The plan of each stage is also to gather information to
reduce the risks and uncertainties of the projects, so that the risk can be effectively managed
(Cooper, 2008).

Each stage is followed by a gate or so called go/kill decision point (Cooper, 2008). The
gates in the Stage-Gate model have similar elements and structure. They consist of 1) Deliverables -
that are delivered to the gate, in form of completed tasks of the previous stage. 2) Criteria - checklist
of important requirements that need to be fulfilled. Criteria is mainly used to detect weak links and
prioritize the projects. 3) Output - a decision with directions for the following stage (deliverables,
timeline and required resources).

Exhibit 3. An illustration of Stage-Gate model’s Stages and Gates (Source: Cooper, 2008)

2.1.6 From Development to Market-Launch

According to Koen et. al (2001), an approved concept in the Fuzzy Front End enters the structured
development stage (as shown in the Exhibit 4 below, and in Exhibit 2 - it is represented by the third
stage in the Stage-Gate model).
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Exhibit 4. Three parts of the innovation process according to Koen (2001)

The development phase focuses on the technical tasks in parallel with manufacturing and
marketing activities. Cooper (2001) explains that during the development stage market and
production plans and programs are established. Further, the innovation project team reviews and
adjusts the financial and legal analyses. The final outcome or deliverable from the development
stage is a product prototype, which will go into the subsequent gate and potentially enter the Testing
and Validation phase (Cooper, 2001).

During the Testing and Validation phase, the entire project and prototype is carefully
examined in several aspects, such as the viability and desirability of the product. Activities during
the pre-commercialization phase include; lab product trials to test quality and performance,
simulation of product usage through real user trials, testing the production process, assessment of
the launch/commercialization plan with market and consumer tests, and revision of the financial
viability (Cooper, 2001; Cooper, 2008).

After the testing and validation phase the product if approved moves into the final stage - the
commercialization which entails full production and market launch. The tested commercialization
or marketing plan is formally implemented. Further, full production of the product is initiated and
continuous operational- and financial risk actions are applied.

Benefits of the Stage-Gate model Source
Comprehensive outline of duties and Nasierowski (2008)
deliverables
Control of the project development cycle Nasierowski (2008)
Mitigates the risk of commercialized failure and Nasierowski (2008)

increases the probability of successful launch

Gatekeepers reduce project favoritism and Cooper (2001)
discrimination

The model is flexible and can be adapted into Cooper (2001)
different organizational structures
Reduction in lead times Dodgson et al. (2008)
Effective product portfolio management Dodgson et al. (2008)
Cost control at every gate Lotz et al. (2009)

Table 2. Benefits of the Stage-Gate model

Implementing a Stage-Gate model in project development process, offers valuable advantages and
raises several attributes. According to Nasierowski (2008), a Stage-Gate model because of its
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structure can offer a comprehensive outline of duties for human resources at each phase and at the
same time it is easier to quantify the deliverables. Consequently, it serves towards a more flexible
control of the project development cycle and acts as an incentive to significantly reduce lead times
(Dodgson et al, 2008; Nasierowski, 2008). This flexibility is a driver for such models to be adapted
into different organizational structures and successfully manage cross-functional projects (Cooper,
2001).

Focusing at each gate’s positive outcome impacts, Lotz et al (2009) emphasizes the
existence of cost control at every gate the importance it bears on controlling the budget of the
project. Furthermore, gatekeepers have the role of evaluating the project while at the same time they
avoid project favoritism and possible discrimination (Cooper, 2001). As a result, Nasierowski
(2008) and Dodgson (2008), claim that the Stage-Gate model approach provides the necessary tools
and incentives for an effective product portfolio management by mitigating the risk of
commercialized failure, while at the same time it increases the probability of a successful product
launch.

Limitations of the Stage-Gate model Source
More suitable for incremental innovation Sebell (2008)
Risk of “false negatives” van den Bosch & Duysters (2014)

Difficult to kill projects in succeeding stages

due to investment escalations V) BT BITEE % (DU (0

Friction between creativity and organizing van den Bosch & Duysters (2014)
Requires significant resources Nasierowski (2008)
Lack of top management involvement Sebell (2008)

Table 3. Limitations of the Stage-Gate model

The Stage-Gate model is argued to be favoring only incremental innovation and product
development (Sebell, 2008). Discontinuous innovation development is shown to be effective with
more dynamic models than the Stage-Gate model (Bessant et al., 2005). Nagji and Tuff (2012)
further explain that the downside of the Stage-Gate model is that the funnel process is unsuitable for
radical innovations. It is difficult to predict the success of commercialization for discontinuous
innovations and using the Stage-Gate model for that purpose can lead to “false negatives”, where
propitious innovations are prematurely eliminated. On the opposite, another limitation is connected
to the model’s structure, and reluctance to “kill” projects in succeeding phases due to substantial
investment (capital expenditure) escalations (van den Bosch & Duysters, 2014).
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Innovation development needs strong support from the top management, hence Stage-Gate
model’s cross-functional project teams are solely not sufficient for successfully developing and
launching breakthrough ideas (Sebell, 2008). Nasierowski (2008), indicates that a positive outcome
generated from the Stage-Gate system is dependent on significant commitment and therefore
requires resources, which top management can see as problematic. Further, van den Bosch &
Duysters (2014) argue that the closed system constraints corporate creativity, and intrapreneurship.
In other words, there is a trade-off between strict process organization and internal creativity.

2.1.7 The Lean Startup Method

Empirical findings of this paper show that more and more organizations focus their efforts and
adjust the NPD processes according to the Lean startup method. Accordingly, Big Data is an
important factor of this method.

The Lean startup is an alternative method to traditional product and business development
which was introduced by Ries (2011). Contrary to the linear process of traditional product
development, the Lean Startup is an agile development with short and repeated cycles (Blank,
2013). Lean Startup method consists of 5 principles: Entrepreneurs, Management, Validated
Learning, Innovation Accounting, and Build-Measure-Learn. The dominant objective of the Lean
startup is to shorten product development cycles and develop products in accordance with customer
needs. The method is related to the lean manufacturing approach by aiming to eliminate wasteful
activities and increase value-adding actions in the product development process. Ries (2011) argues
that the Lean startup method allows companies to succeed with less funding and iteratively building
minimum viable products, with just enough set of features to realize the product to early customers
and receive valuable input, also known as validated learning. The agility of the method is based on
continuously receiving customer feedback throughout the product development process, thus being
able to avoid committing resources to unwanted features that do not address customers’ needs and
reduce market risk (Ries, 2011).

Principles of the Lean Startup Method

Entrepreneurs Entrepreneurs are everywhere, for that reason
the Lean Startup approach can be adopted by
every company, regardless of size or industry

Management Entrepreneurship requires effective
management to create new products and
services
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Validated Learning Learning by testing ideas through experiments
and feedback

Innovation Accounting Focus on measuring progress, milestones and
prioritizing which requires a new design and
approach

Build-Measure-Learn Turn concepts into products, measure customer
feedback and learn if to pivot or continue

Table 4. Principles of the Lean Startup Method (Source: Ries, 2011)

Adopting a customer development approach allows for testing and validating products and
solutions through feedback loops, referred to as the Build-Measure-Learn feedback loop (Ries,
2011; Blank 2013). The Build-Measure-Learn (BML) feedback loop is considered to be the central
part of the Lean startup method. According to Ries (2011), BML feedback loop is explaining the
series of actions that are needed for an agile product development. The loop is a repeated process of
building/tweaking a minimum viable product, measuring customer feedback, and learning from the
received information to understand if the product concept is sufficient or if to pivot the concept.

,

A
o@

Exhibit 5. Build-Measure-Learn (BML) Feedback Loop (Source: Ries, 2011)

The Lean Startup Tools and Methods

Pivot is a method of evaluating and changing the strategic direction of an organization, after the
realization that the progress made so far is insufficient or aiming towards the wrong objectives.
(Ries, 2011). Further, Ries (2011) argues that the Lean startup is not offering a scientific procedure
of performing a pivot process, but rather an alert to organizations regarding the persevere decision.

Ries (2011) explains that in order to proceed with the product development, designers can
make use of certain tools. A/B testing is a process in which the developer is using two customized
versions of the product in order to examine the market respond. Consequently, product developers
are able to determine which version of the product is more desired by users and apply the
improvements suggested by feedback loops.
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Furthermore, Ries (2011) is using the terms actionable metrics and vanity metrics in order to
explain where business decisions should be based on. Specifically, actionable metrics describes
some of the parameters that are important for determining the focus of the development operations.
The classification between actionable and vanity metrics is dependent from the core activities of
each company and the urge to satisfy users’ needs (Ries, 2011).

For software development, Ries (2011) suggests the continuous deployment process, in
which the software code is regularly adapted and positioned into production in order to include
improvements through the loop. The ability to gain and integrate users’ feedback in the product
faster than competitors, can result to a competitive advantage. Despite the fact that the continuous
deployment is currently applied in software products, the author believes that it is possible to
connect the method with hardware activities. As an illustration, Ries (2011) is describing the
importance of software in mobile phones, possibly swift production changes and the flexibility of
3D printing tools.

2.2 Big Data

What is Big Data? McKinsey Global Institute (Manyika et al., 2011) explains in their report “Big
Data: The next frontier for innovation, competition, and productivity” that Big Data is referring to
large data sets whose size has increased to the point where current software tools are not able to
capture, store, manage and analyze them. A similar definition is given by Dumbill (2013) - “Big
Data is data that exceeds the processing capacity of conventional database systems. The data is too
big, moves too fast, or doesn’t fit the structures of your databases architectures. To gain value from
this data, you must choose an alternative way to process it” (Dumbill, 2013, p. 1). Accordingly, the
term “Big Data” is defined by Dumbill (2013) as the inability to process data sets with mentioned
attributes, such as the size and its incompatibility with existing information systems, thus there is a
need to adopt to advanced information technologies.

In contrast, Feinleib (2014) argues that technical definitions which are expressed by
majority of authors are valid but disregard the actual value of Big Data. Thus, the author defines
Big Data as “The ability to capture and analyze the data and gain actionable insights from that data
at a much lower cost than was historically possible” (Feinleib, 2014, p. 1). In that sense, Feinleib
(2014) argues that Big Data should be interpreted by the extent of its impact rather than the
technological capabilities of processing it.

Business or data analytics is not a modern trend. Data has been used effectively in the past
and it is constantly progressing. However, that evolution is significantly more obvious with the Big
Data movement. So what is the difference between Big Data and traditional analytics? Big Data as
well as traditional analytics search for extracting value-adding information from data sources that
can result in competitive advantage. However, Manyika et al. (2011) highlight three main
differences: Volume, Velocity and Variety.
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Morabito (2015) argues that Big Data is characterized by four dimensions: Volume,
Velocity, Variety and Accessibility. Volume refers to the disproportionate large sizes of data and
the smaller data storages held by businesses. Velocity is connected to the dynamic nature of Big
Data and the swift “movement” which in many cases coincides with real-time. The dimension of
Variety is describing the different types of data, which include a mixture from structured, semi-
structured and unstructured data. The last dimension, Accessibility, is referring to the ability or
inability of acquiring these packs of data. Further, many researchers describe the dimensions as the
4 V’s and include Veracity as an extra dimension (Ohlhorst, 2013; Sathi, 2012). Veracity concerns
the truthfulness and the access to a complete set of data, which could affect its reliability.

Since the establishment of the four dimensions (4 V’s), there is a debate in academia
regarding data under the label of Velocity (Morabito, 2015). Specifically, dynamic data that change
constantly needs to be captured and processed in real-time and such data sets are recognized as
Digital Data Streams (DDS). Due to that difference in the process timing they should be
distinguished from Big Data. DDSs may be used for purposes that require a speed in action, such as
frauds, medical surveillance, crimes, social media, while Big Data are to be analyzed after they are
stored (Morabito, 2015).

2.2.1 Drivers of Big Data

Sathi (2012) argues that there are primarily three reasons behind the Big Data era: consumers,
automation, and monetization. A more detailed explanation mentions sophisticated consumers,
describing the generation of substantial information usage. The information usage enables insights
about the market, as well as the interactions in the social media to exchange opinions and reviews.
Such digital interactions are beyond the limits of pictures and text, but they also include videos,
sound clips and several multimedia tools which in many cases involve expert opinions and quality
rating. The term automation is referring to all the digitalized means, such as mobile phone services,
emails, social networks, as well as the modernization of older ones, which are capturing and
providing an enormous pool of data for analysis. As a generalized source of data, Sathi (2012)
categorizes it in three groups: the first group encloses physical electronic products, which are
characterized as “smart” since they have the ability to retrieve data about various usage parameters.
The second category is the electronic touch points of mobile devices, computers and other
electronic devices. The last group is including all the components that are offering services or act as
routes for the movement of data.

Another important driver, which set the way for the Big Data era, is monetization - the
ability and incentive to gather, process and trade data for the use of potential new business
development. Packages of data can be sold to interested parties and their value can change or even
create a new market creating collection value. Most valuable attributes lie within personal location
data, cookies, user behavior and usage data (Sathi, 2012).

A fairly new phenomenon which enables further growth of Big Data is called “Internet of
Things” (1oT). 10T is mainly describing machine intelligence, where networked technologies or
smart devices (products and services that are used on daily basis) are interconnected and

communicate through software and sensors (RFID). 10T enables fast and continuous exchange of
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real-time data for improving functionality, processes, and discovering new and improved products
or services (Xia et al, 2012; Kopetz, 2011; Gubbi et al., 2013).
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2.2.2 Benefits of Big Data

Literature indicate that Big Data can unlock plenty of new opportunities, and deliver operational
and financial value (Ohlhorst, 2013; Morabito, 2015; Sathi, 2012). For that reason, companies are
devoting their resources and efforts to gain greater results by leveraging Big Data. Davenport
(2014) describes three main benefits of Big Data analytics: 1) Cost efficiency & effectiveness, 2)
Enhanced decision-making, and 3) Exploring new opportunities.

By implementing Big Data technologies (such as free open-source software, inexpensive
servers and cloud-based analytics) companies can support the already existing data processing tools,
which will result in cost reductions. Sathi (2012) illustrates that an implementation of Big Data
technologies would eventually lead to reduced latency, and require less administrators, hence
supporting cutbacks in resources. Previous empirical research reveal that large organizations adopt
Big Data technologies with the objective to strengthen their traditional technologies, not to replace
them (Davenport, 2014). Manyika et al. (2011), suggest that Big Data significantly improves
efficiency by allowing companies to raise productivity or enhance product quality by increasing its
value. The analysis of production data can result to an optimized use of resources such as time,
human resources and raw materials. Ohlhorst (2013), argues that data could also improve the stages
before and after the production of the supply chain. Furthermore, Feinleib (2014), adds that
combining production data with data from different functions, can provide the analysts with vital
information on how to improve efficiency and effectiveness.

Another benefit of Big Data analytics is improved and enhanced decision-making. McAfee
and Brynjolfsson (2012) argue that data-driven decisions seem to be more informed and effective.
Organizations can leverage Big Data analytics to be more effective and faster in their decision-
making, as well as acquire new capabilities to make evidence-based decisions. However, Ross et al.
(2013) suggest that adjustments of current processes and corporate cultures have to be considered
for a positive effect.

Lastly, Davenport (2014) argues that the most interesting use of Big Data is for new
business development, in other words to improve and create new products and services across the
value-chain. Data-intensive companies such as Google, eBay, Amazon and Facebook are
continuously uncovering additional revenue and new value-streams through Big Data analytics.
However, not only IT and data-intensive companies engage in harvesting Big Data for value. Strong
focus on Big Data is also obvious across more traditional sectors. More so, a research conducted by
Capgemini (2015) show that the majority (53%) of large established companies anticipate an
increased competition in the future from start-ups enabled by Big Data. Insights that the large data
sets bring can transform business models, enhance innovation capabilities and productivity, and
enable companies to discover new markets by data-driven market learning (Gobble, 2013;
O’Connor, 1998; Chen et al., 2012).
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2.2.3 Challenges of Big Data

As presented in the previous section there are many opportunities linked to Big Data analytics and
implementation of such into concurrent business activities of organizations. In order to harvest real
value from extremely large data sets organizations have to address and overcome decisive obstacles,
connected to both managerial and technological contexts.

Morabito (2015; 2014) addresses technological challenges of using and implementing Big
Data to create actual business value. One of the main issues is the incompatible IT infrastructures
and data architectures. IT systems and software should be able to store, analyze, and derive useful
information from datasets, composed of structured, semi-structured and unstructured data. Further,
Morabito (2014) argues that an enterprise-wide platform of sharing Big Data and its analytics
within the organization and its sectoral system imposes challenges due to incompatible
technologies. Manyika et al. (2011) additionally indicate that a key obstacle is the consistency of
internal and external databases, implying that there is a challenge in integrating and standardizing
data of contrasting formats to enable valuable information flows.

Accessing the required data could be a difficult task for a number of organizations and it is
common that the acquisition of data stems from external sources, such as third parties. A SAS
Institute report (SAS Institute, 2013) is describing a number of barriers in regards to the use of Big
Data, after its acquisition. Particularly, it emphasizes on the time and speed that data should be
acquired and processed to avoid being outdated and have their value diminished. Furthermore, it is
crucial to ensure that datasets are complying with two important criteria: understanding and quality.
The first refers to the ability to comprehend and separate useful as well as relevant data, which will
form the information we seek, rather than including unconnected and misleading data. Data quality
could affect the final outcome in a similar way by providing disorienting information which is not
transformed into the desired value. Consequently, the decision-making process could be negatively
affected.

An additional challenge of Big Data usage is the output information management. Simon
(2013) claims that the outcome of Big Data analytics should be meaningful information. The
challenge underlies in the ability to extract useful and targeted clusters of information out of the
information pool, which require an urgent utilization.

Besides from the many technological challenges Big Data brings there are also managerial
challenges that needs to be considered. Morabito (2015) argues that a major obstacle to overcome is
management’s lack of understanding of the potential value Big Data can bring to the business.
Manyika et al. (2011) formulates in their report “Organizational leaders need to understand that
Big Data can unlock value - and how to use it to that effect” (Manyika et al., 2011, p. 108). At the
same time, data scientist need to recognize the business aspects to be able to bring valuable
information to the business (Harris et al., 2013). In consequence, there is a lack of resources in the
form of technical expertise combined with business understanding to position favorable Big Data
structures and generate value. However, an already existing problem is the shortage of deep
analytical and technical talent needed to leverage Big Data. According to a report conducted by

Accenture, “The U.S. is expected to create around 400,000 new data science jobs between 2010 and
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2015, but is likely to produce only about 140,000 qualified graduates to fill them” (Harris et al.,
2013, p.4).

Another significant barrier according to Morabito (2015), is related to the funding of an
analytics unit for Big Data analytics. The cost of establishing advanced tools in order to sustain a
data processing department could be excessive. Therefore, IT and business executives should
determine what the real needs for analytics are, settle on a budget agreement, and provide the funds
for specifically these functions.

Firms are required to deal with several legal issues to be able to seize the full potential of
Big Data. Extremely large amount of data is being transferred across both public and private
networks, resulting in the establishment of various data policies. Data policies address mainly legal
concerns of intellectual property, liability, security and privacy. Manyika et al. (2011) emphasize
the issues related to privacy and usage of personal data such as medical- and financial records.
Personal data is considered as valuable insight for increasing utility, however the specific category
of data is viewed as sensitive and corporations need to comply with data policies. Kerr & Earle
(2013), are examining Google’s plan to enhance its search engine with predictive algorithms based
on Big Data. The “intelligent” search, will display results to users even before they know they need
it. They raise the concern that this use of Big Data promises efficiency and profits but they are
skeptical that it might be used as a justification for shifting policies. As a result of Big Data
technologies and corporate objectives, society will have to position itself in the trade-off between
privacy and utility (Manyika et al., 2011; Kerr & Earle, 2013).

Morabito (2014) states that security is a barrier for the Big Data technology. The law
requests that customer data needs to be protected and sets a limitation on which personal data can
be acquired and used. In some particular cases, policies can be extensively strict, such as medical
and financial records (Ohlhorst, 2013). The challenge for organizations handling Big Data has to do
with liability, in other words the constant danger of security breach and the unauthorized use of
data. There have been several cases of data hacking in the past and according to Morabito (2014),
several organizations are reluctant to report online attacks, driven by the fear of public image
damage.

Vare and Mattioli (2014) bring attention towards another challenge of Big Data, which is
Intellectual Property (IP). In their article “Big Business, Big Government and Big Legal Questions”,
they explain the limitations on Big Data usage under the current IP legal system. Further, the
authors reason that effectiveness of Big Data lies in the availability and transferability of data
throughout organizations and systems, but there is an interference from privacy and IP legal
frameworks. More so, understanding the legal rights of single strings of data and larger datasets are
additional challenges which have to be addressed. Data is not patentable and copyrightable,
however can be protectable trade secrets if they bring economic value (Vare & Mattioli, 2014).
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2.3 Implementing Big Data

The purpose of all Big Data initiatives is to exploit valuable combinations of large structured and
unstructured data, being both internal and external (Bloem et al.,2013). As an example, the data
gathered from a telecom firm and financial services establishment could through a trans-sectorial
connection enable a new type of product or service suitable for a totally different market.
Integration of data pools are therefore required for significant potential, however this does not
solely focus on trans-sectorial data pools as mentioned above, but also the integration of internal
cross-functional data pools (Manyika et al., 2011).

To enable Big Data potential organizations need to coordinate and collaborate with other
major Big Data actors and users. Accordingly, organizations will assist each other in the
development of their data intelligence, together with IT partners, active suppliers and analytical-tool
firms of large data sets (Bloem et al., 2013). Further, Bloem et al. (2013) explain that selecting the
Big Data network has to reflect the strategic decisions and the long-term vision of engaging in Big
Data activities. Additionally, organizational transformation is essential in accordance to the ability
to process Big Data with regards to technological capacity, the potential of Big Data platform to
comprehend and make use of incoming external and unstructured data. This combination of
technological capacity and organizational change or transformation is a major and important factor
of accessing Big Data potential (Bloem et al., 2013).

2.3.1 Data

Data is a broad term which incorporates various factors such as quality, reliability, availability,
accessibility, as well as relevance, governance, and security, of unstructured, semi-structured, and
structured data and its information (see table 5).

According to research (DiFilippo & Blase, 2014), Big Data has changed the decision-
making process. Changes in decision-making are connected to intensified usage of analytical
technologies and techniques. Further, companies are establishing supportive data insight functions
within their organizations to inform decision-making. Thus, strategic, operational, and tactical
decisions are relying in a greater extent on the increased data analysis and predictive analytics
through real-time data.

Real-time data refers to streams of data that are delivered directly after data collection. In
short, there exists no delay in the transition from raw data collection to the information provided
from real-time data (Ozzimo, 2014). Aside from real-time data, companies further commit
resources to extract value from current and historical data. Excessive emphasis on real-time data
can lead result in complications and failure of data-driven decision-making. Wengler (2001) argues
that availability of current and historical data is necessary to position real-time data into context of
patterns and trends. Further, “right-time data” and actionable data needs to be provided to support
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decision-making (Ozzimo, 2014). Hence, relevant data needs to be gathered and integrated for
specific requirements or scenarios.

Types of Data

Structured Data Table and Records

Unstructured Data

Human Language, Audio and Video

Semi Structured Data XML and Similar Standards

Event Data

Messages (usually in Real Time)

Complex Data

Hierarchical or Legacy Sources

Spartial Data

Long/Lat Coordinates and GPS Output

Social Media Data Blogs, Tweets and Social Networks

Web Logs & Clickstreams

Scientific Data

Astronomy, Genomes and Physics

Machine-Generated Data « Sensors, RFID and Devices

Metadata Data that describes the content of other data

Table 5. Types of Data and Data Sources

2.3.2 Staff

Staff refers to technology and analytic skills within the organization’s human resources, presence
and function of internal collaborative networks, as well as overall organizational structures and
culture that serve to enable Big Data potential. According to Manyika et al. (2011), a major
challenge for organizations is the lack of analytic and technology skills to make use of the Big Data.
However, Manyika et al. (2011) acknowledge that the most significant barrier to overcome is to
establish a data-driven culture and organizational structure.

According to Galbraith (2014), before organizations can entirely employ, accept and extract
value from the Big Data platform, they are required to empower and embed the data personnel into
decision processes. Galbraith (2014) argues that for organizations to be able to achieve this it will
require a shift in power from current decision makers to data decision makers. In addition, there is a
need to strengthen the data acceptance, data reliance and analytic capabilities within the
organization to achieve a data-driven culture. A data-driven culture sees data and analytics as a
central function, and by promoting a cross-functional distribution of data it allows for more fact-
based decision-making (Parmar et al., 2014).
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Exhibit 6. Knowledge fusion in a data-driven organization

Grossman & Siegel (2014), suggest that organizations have to unite information technology,
analytics, and business knowledge (As seen in Exhibit 6). Further, the authors argue that
organizations need to possess “a critical mass” of data scientists, with deep enough knowledge
within the domain. Also, data scientists are required to have adequate business knowledge and
understanding to be able to construct models that will generate business value. Lake & Drake
(2014) and Harris et al. (2013), argue that the shortage of data scientists is due to the lack of
required skill combinations for modern data objectives. For that reason it is suggested for
organizations to form data analytic teams that include a mixture of data scientists, both generalists
and specialists, with different skill combinations (Grossman & Siegel, 2014; Lake & Drake, 2014).

Lake & Drake (2014) are comparing the current situation with the late 1980’s and the realization of
hybrid managers, a combination of a business manager with extended technical knowledge.

Another challenge concerned with human resources is presented by Barlow (2013). The
author argues that organizations need to find solutions for integrating of new talent into their current
structures or re-inventing structures to allow new talent to generate value.

2.3.3 Technologies and Techniques

Morabito (2015), explains that Big Data has a proportional evolution with the innovative
technologies of the analytic tools required for it. The exponential size growth of data is an incentive
for organizations to develop new innovative methods and technologies on how to manage data.
Innovation is connected in a large extend with the ability to acquire and analyze data, in order to
produce valuable information. However, different Big Data tasks have certain technologies and
techniques that are optimised for each task (Morabito, 2015). Major technologies and tools for
leveraging and managing Big Data are presented below and in the Appendix (see Appendix B).
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Hadoop

Big Data, open-source platform and a frequent appliance of MapReduce (Sathi, 2013), with the
ability to engage with several data sets (Ohlhorst, 2013), either by collecting sources of data for
massive processing, or read data directly from the database and run intensive machine learning jobs.
Hadoop’s strength, underlie to the capacity of solving the most usual Big Data challenge, the
efficient storing and accessing of large databases (Ohlhorst, 2013). Furthermore, according to
Morabito (2015) Hadoop has an exceptional resilience to faults, by detecting and coping with
failures at the application layer.

1010DATA Cloud Analytics

1010data has the ability to deal with semi-structured and machine data. It allows data integration,
observing, reporting as well as several innovative analysis such as machine learning and statistical
analysis. It is an effective technique to assist customers in scaling hardware and offers a centralized
data management function (Morabito, 2015).

Actian Analytics

Morabito (2015), describes Actian Analytics as an open-source database incorporating a high-speed
analytical database management system (DBMS), based on the synthesis of cloud services, data
integration and analytical DBMS options. The SQL ETL (Extract, Transform, Load) technique can
be used in order to gather data from multiple sources, modify them according to the business
requirements, and move the outcome into a database (Feinleib, 2014).

Cloudera

Cloudera is a tool that aids Hadoop to establish performance, assess, control, security and
reliability. It offers a large collection of software complements for uses like backup, recovery,
monitor and audit. Furthermore, it distributes hardware for configurations for leading Hadoop
providers, and it is used for a rapid analysis of large structured databases (Morabito, 2015).

2.3.4 Data Management Process

Data Collection

Data collection is the process of generating data with the use of digital means, e.g. by monitoring
activities through sensors (OECD, 2014). Morabito (2015), explains that an important
organizational barrier is in the process of collecting data. Data collected from different sources or
different timing could be inconsistent due to a malfunctioning source. Furthermore, it is vital to
generate the metadata in order to register the type and the method of measurement (Ohlhorst, 2013).
Due to the growth of the volume of data, organizations are challenged to acquire new storage
platforms and engage to intelligent data collection (European Commission, 2013). Lowering the
cost of data collection is assisting in the establishment of better means for data processing (Feinleib,
2014). However, a major concern that organizations need to be aware of during data collection, is
privacy (European Commission, 2013).
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Data Extraction

The process of data collection data does not provide any value itself, unless it is actionable data - in
a state to be analyzed (Morabito, 2015). Ohlhorst (2013) illustrates an example by comparing the
results of extracting information out of a MRI (Magnetic Resonance Image) and a surveillance
photo. Therefore, it is vital to use a process and extract the crucial information in a structured way
and which is ready to be analyzed. Furthermore, another important aspect of collecting data is
related with their validity and accuracy (Ohlhorst, 2013). However, there are several technical
features which might not be included in some Big Data analytic units, such as error models and
well-recognized constraints. Feinleib (2014) adds that data cleansing based on a cloud technology,
could compose a great market opportunity for future development.

Data Integration & Analysis

Gathering and storing data into a database that no one will be able to access or combine, is
unproductive. Data aggregation, requires an automatic process in order to manage a wide and
efficient analysis (Morabito, 2015; Ohlhorst, 2013). It is crucial that data formation should be
readable and resolvable by analytic systems in order to be queried, modelled and finally analyzed.
Big Data, has an unreliable, dynamic and diverse nature, therefore for the analysis and mining it
requires to be accessible and integrated (Ohlhorst, 2013).

“It is easy to see how Big Data can enable the next generation of interactive data analysis, which
by using automation can deliver real-time answers™ (Ohlhorst, 2013).

With this quote, the author suggests that computer intelligence will create queries to analyze and
sort out Big Data, thus increasing data value.

Interpretation

Following the analysis part in the process, comes the interpretation of the results. This stage is
expected to generate most of the value of the process, by providing insight, assisting decision
making or information in the form of patterns (Feinleib, 2014). An effective interpretation requires
the user to comprehend the results, assisted by the analytics platform tools. It is possible to
automate a procedure and interpret the data with little or no human supervision. Ohlhorst (2013),
explains that a very usual process connected with the interpretation of data, is the data provenance.
Users add extra information about the nature of the data and the results, in order to enhance the
process which can be used repeatedly for analysis, with different questions, factors or data sets.

Information Systems

As mentioned earlier in this paper, analyzing Big Data could prove successful factor to enhance the
decision-making process (Davenport, 2014). The outcome of collecting, integrating, analyzing and
interpreting the results, is the generation and access to information. Just as with data, firms have to
establish an effective control over information in order to survive and compete (Laudon & Laudon,
2011). Furthermore, the authors explain the two perspectives of information systems’ necessity, the
technical and the business perspective. The technical perspective has to do with information
management and assisting the process of input, process and output. The business perspective is
dealing with the organizational challenges such as decision-making support, strategy and the firm’s
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culture. It is essential for organizations to implement a strategy regarding the management of
information, in alignment with their level of maturity, which includes size, operation width, and
integration level (Laudon & Laudon, 2011).

System Configuration

All activities of developing and operating take place

Centralized Systems . .
at a domestic environment.

They are domestically developed but operating in

Duplicated Systems .
P y external autonomous locations.

Each external unit designs and develops its own

Decentralized Systems .
y systems, regardless of location.

Development and operations are integrated and

Networked Systems : . o
y organized across all units of the organization.

Table 6. System Configurations (Source: Laudon & Laudon, 2011)

Strategy

Muttinational Franchiser Transnational

Networked

Exhibit 7. Strategy and System Configurations (Source: Laudon & Laudon, 2011)

2.3.5 Organizational Intent

Manyika et al. (2011), suggest that organizational intent should be to implement several new
technologies and techniques, in accordance with the Big Data strategy, in order to extract value
from their data. The level of technological adaption and Big Data platform selection will be affected
by the data maturity of the organization, while technological innovation could have a key role in
managing the constantly increasing volume of Big Data. Sathi (2012), adds that the approach that
each organization will choose, is influenced by the size, limited capabilities and the urgency of each
organization to evolve and transform by forming a competitive strategy.
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As mentioned previously in this paper, adopting a Big Data analytics platform, can cause
three significant operational impacts. It has the ability reduce the latency of moving and processing
data, extend the storage capacity thus the potential to acquire more data, and consequently reduce
the cost of acquiring and managing data (Sathi, 2012). Each organization has to decide the approach
regarding the implementation of Big Data technologies. Sathi (2012), suggests three different
strategies: the revolutionary-, the evolutionary-, and the hybrid approach.

Organizations choose the revolutionary approach in order to install a completely new Big
Data analytics unit. This requires the organization to transfer the data to a new environment and
fuse them with business processes. The revolutionary approach is adopted by data-driven
companies, and while it is very effective, it is also costly and demands high technical capabilities
(Sathi, 2012).

In the evolutionary approach, Big Data is inserted into the current Business Intelligence
platform. This method is used by mature Business Intelligence companies, it has limitations
regarding the process of data and the impact of their results, but it’s operating with a lower cost
(Sathi, 2012).

The final approach, the hybrid approach, is described by Sathi (2012) as an addition of new
technologies into the already existing Business Intelligence tools. The outcome of the merge, is a
parallel operation of the analytics units, which enables a high-performance of both of them in their
own environment. The hybrid proposal is regarded as an efficient way to gradually transform
current technologies.
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3. Methodology
3.1 Research Strategy

To wholly understand the managerial implications and concepts of Big Data in the field of
innovation, an external analysis of case companies was chosen as an appropriate approach. The
external analysis aims to explore how Big Data is managed to drive innovation in a corporate
setting. Investigate what types of benefits and managerial challenges exist of using Big Data in
innovation activities, as well as what key success factors lie within the organization to extract value
from Big Data. Suitably, the main method of our research strategy is to conduct a qualitative
research, emphasizing on an inductive approach with the purpose of theory generation (Bryman &
Bell, 2011). The qualitative research will enable insight on strategies, capabilities, resources and
processes used to successfully incorporate Big Data and analytics into the New Product
Development process.

To obtain solid and reliable information, the qualitative data needs to be discovered and
obtained from individuals that possess relevant expertise and experience, in other words, linked by
setting to New Product Development and/or Big Data. Further, a qualitative research approach
allows for adjustments of the method in the process of data collection. This type of flexibility is a
useful feature, if corrections are needed for refining findings. More so, the critique of qualitative
research is noticed and taken into consideration, such as the risk of interpretations of collected data
being biased, and generalization (Bryman & Bell, 2011). The objective of this thesis is to give an
understanding of the role of Big Data and key factors for implementation in different settings, and
not to draw generalizations across organizations.

The research and its main purpose is regulatory, to study how companies utilize Big Data
and apply it on the NPD process. Therefore, our research will commit to the functionalist paradigm,
lead with a problem-solving orientation together with the aim that our empirical findings will
deliver logic answers to or stated research questions. A functionalist paradigm, according to Burrell
and Morgan (1979), is the dominant paradigm used for organizational studies. Since it is based on
objectivism, its goal is to achieve a rational explanation of the usage of Big Data in the NPD
process. The rational focus is expressed by pragmatic enhancement of positivism which will be
tested through our hypothesis.

3.2 Research Design

The research will take a comparative design, since the aim of the thesis is to compare and gather
data in context of a qualitative interviews and multiple case studies. The main reason for the
comparative design is due to the novelty of the research topic, on how Big Data is managed and
organized to assist the NPD process.

The comparative design incorporates the logic of comparison, which implies that we can
understand the utilization, benefits and challenges of Big Data in the NPD process better when
comparing multiple cases (Bryman & Bell, 2011). Also, conducting multiple case studies, an
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extensive understanding will be obtained to guide a comparative analysis. The comparative design
will outline the data collection in a cross-sectional design format with the intention of better
comparing different corporate settings, in addition better understand how Big Data is being used in
different settings, exploring similarities and differences.

The framework will further allow comparison to comprehend specific organizational
behavior and structures for implementing and organizing Big Data into the NPD. Further, creating
categories of qualitative data will ensure comparability of findings. The multiple-case study
improves theory generation. By comparing qualitative cases, the comparison will suggest relevant
concepts for emerging theory (Bryman & Bell, 2011).

According to the literature review, there is a lack of research on Big Data connected to
Innovation Management which in turn provides solid reasons to conduct a research of multiple
cases. The decision to focus on multiple cases rather than a single in-depth is grounded in the aim to
acquire a wider understanding of how Big Data is managed and what factors are essential for Big
Data-driven innovations. Due to subject of time constraints, the aim will be to examine six case
studies.

3.3 Research Method

In this section we will outline the main methods and approaches of our secondary data collection
and primary data collection, data analysis, sampling and ensuring quality of the research.

3.3.1 Secondary Data Collection

For the purpose of this research, a conception of Big Data and a comprehension of its functions in
an innovation context was required. The framework of this thesis had the grounded theory approach
as basis, thus our objective was to develop the theoretical framework in tandem with the data
collection. According to Bryman & Bell (2011), the inductive approach of the grounded theory
forms strong connections and parallels between empirical evidence, theory and empirical analysis.
The secondary data in this paper was primarily derived from existing journal articles, academic
papers, corporate publications and books within the field of Big Data, NPD and Innovation
Management. Relevant literature was explored and extracted from accessible electronic databases,
mainly Scopus, Google Scholar, Wiley Online Library, Emerald Insight, and GUNDA. Keywords
we used and combined to limit the search results were: Big Data, Innovation, Analytics, New
Product Development, Business Development, Organizational Design. Apart from content accuracy
and relevance, we sought to investigate appropriate literature after following criteria: citation
frequency (estimate of research impact), literature currency (how current are the findings in the
available literature), and audience relevance (is the direction and focus appropriate). In addition, in
some cases we got referred to other useful and subject-relevant literature by our initial literature and
their references (snowball method). Our secondary data was segmented and categorized under: Big
Data & Analytics, Innovation & New Product Development, and Implementation of Big Data in
New Product Development.
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3.3.2 Primary Data Collection

The chosen method of primary data collection involved qualitative semi-structured interviews with
professionals working to some extent with Big Data. As mentioned, the chosen research design to
answer our research question is in the form of multiple case studies. Bryman & Bell (2011) argue
that semi-structured interviewing is suitable for a multiple case study research since it gives
sufficient amount of structure to ensure comparability.

An interview guide (see Appendix C) assisted the semi-structured interviews by providing
coordination and a frame of reference with mainly open and general questions connected to specific
topics: Big Data understanding, New Product Development, and Big Data in the New Product
Development. The semi-structured interview approach provided us with great amount of flexibility
and allowed the interviewees to freely express their experiences and opinions, which enabled
greater and broader coverage of the investigated topic. Due to the iterative attributes of semi-
structured interviews, we were able to vary the sequence of the questions, as well as adapt and form
follow-up questions as we see fit or based on the direction of the replies (Bryman & Bell, 2011).

3.3.3 Sampling

During the research process we were hosted by University of Twente in Enschede, the Netherlands.
The region is recognized for being the enterprising research region and home of many ground
breaking high-tech companies. This enabled us to interact with interesting individuals within the
university and region that work with Big Data both from technical and business perspectives,
allowing us to deepen our understanding of the topic through more open and informal
conversations. In addition, the university and our external supervisor assisted us in discovering and
establishing contact with potential case-companies.

For the qualitative data collection we targeted companies that explored and used Big Data
within various corporate functions, mainly product development. Also, companies that assisted
other companies in realizing Big Data since they possessed great amount of insights by dealing with
Big Data throughout different fields and sectors. We contacted 24 individuals (in 14 companies)
that had a managerial role and involvement in product development, innovation strategy and/or Big
Data analytics, i.e. innovation managers, senior consultants, data scientists and business developers.
The contact information was found through the university network, but in the main using the
combination of the social media portal LinkedIn and Google search. Our initial contact with the
targeted individuals was via E-mail, where we presented ourselves together with a short
presentation of our research and clarified what we sought to investigate. Of the 24 sent E-mails we
received 10 positive replies where we were invited to schedule an interview. Later, we decided to
not pursue with two interviews due their inapplicability towards our research objective. The
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outcome was 8 interviews within 6 companies, as shown in the table below. Two of them were
conducted by using the video call application Skype.

Company Role of_lr?terwew Channel Location
participant

Algoritmica Co-founder, Strategy & Video Call Enschede*
Business Development

Datafloq Founder, Big Data Face-to-Face The Hague
Strategist

Thales Group (Nederland) | Business Innovation Face-to-Face Hengelo
Manager

TNO Digital Technology Face-to-Face The Hague
Advisor

TNO Innovation Project Manager | Face-to-Face The Hague

Philips Senior Innovation Video Call Enschede*
Consultant

Philips Director Face-to-Face Eindhoven

Apollo Vredestein Research Manger Face-to-Face Enschede

Table 7. Overview of conducted Qualitative Interviews
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3.3.4 Data Analysis

The analysis of the secondary and primary data relied on the grounded theory. After each qualitative
interview we pursued with open coding of our data collection to be able to analyze the data at the
same time as collecting it. The data collection was examined, conceptualized, subcategorized into 9
topic groups, and placed into tables to obtain an overview of the key empirical findings. The same
method was used for analyzing the secondary data collection and construct the theoretical
framework. Coding of the data to enable comparison is a key activity within the grounded theory
(Bryman & Bell, 2011).

Following the coding and categorizing of the primary and secondary data, we attempted to
draw conclusions and compare findings from our case companies. A transcription of the interview
recordings (2 interviews were not recorded due to sensitive information settings) was created. A
revision of the transcripts was undertaken before connecting and analyzing the empirical findings
with theory. This approach allowed us to be sure we did not fumble or misapprehend essential
information and reassure we placed the information into right contexts. The key findings of theory
and empiricism were then compared, analyzed and reflected. In other words, the output was
analyzed to find if meaningful patterns were emerging through the code definition, code frequency
and important combinations of such codes. More so, a cross-case analysis was performed to draw
comparisons and conclusions of different corporate settings and levels of utilization. Our qualitative
analysis followed the general strategy of “relying in theoretical propositions” which is preferred in
our case according to Yin (2011).

3.3.5 Quality of the Research

3.3.5.1 Validity

According to Bryman & Bell (2011), a fundamental quality criterion is the validity of the research,
referring to how well our research measures its main objective - what it was intended to measure.
This research does not aim at generalization across industry, but rather explore and be aware of
certain factors that are of great importance for using Big Data in the NPD process. In qualitative
research there is a risk of receiving wrong or fabricated answers which we later base the empirical
evidence on. This can be based in the fact that respondents are biased in their views of the potential
of Big Data. The strategy of semi-structured qualitative interviews allowed us to address
difficulties, such as misinterpretations or insufficient answers by restating or reformulating
questions. A well formulated research question increased the internal validity.

The external validity is increased due to the data collection from individuals at senior and
managerial positions which are in a direct or indirect way involved within NPD or Big Data.
Further, Bryman & Bell (2011) argue that multiple case studies increase the external validity. In
addition, transcribing the interviews as well as sharing the collected data for input with the
interviewees, where we did not record the interview, increased the external validity.
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3.3.5.2 Reliability

Bryman & Bell (2011) state that ensuring external reliability in qualitative research is difficult since
it requires reproducibility, hence often requiring the same conditions and settings during the
research study. The reliability of this research is increased through grounded theory and a well-
connected theoretical framework to the empirical evidence. Furthermore, by doing tables and
comparisons of the unique interviews we could observe distinctions. Establishing a high level of
internal reliability is tricky when conducting a qualitative research since it is based on subjectivism
and individual perception of what has been said. Since we were two observers during the interviews
we could mitigate such difficulties and ensure internal reliability and inter-observer consistency
(Bryman & Bell, 2011). Performing semi-structured interviews further enriched the reliability of the
data collection and increased reliability of our research. We aimed to spot areas within the answers
of the participants and add or modify some questions in order to achieve a further exploration of our
topic.
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4. Empirical Findings
4.1 Case Companies

In this section, the paper will present the case companies and the interview participants. The
purpose is to give an overview of the organizations and individuals that took part in the research.

4.1.1 Algoritmica

Algoritmica is a Dutch IT- and data analytics company based in Utrecht, and operates in the
sustainable energy sector. Their software product predicts asset failures using mechanical device
data to decrease downtime and maintenance costs. The software company combines data and smart
algorithms to allow organizations to increase asset performance, as well as make devices and
infrastructures smarter.

The interview participant is the co-founder of Algoritmica. The interviewee has a data
scientist background and is currently holding a managerial role by working within the fields of
strategy, project management and product development.

4.1.2 Datafloq

Datafloqg is a knowledge-driven Big Data platform with the objective to connect all different Big
Data stakeholders within the global Big Data market. Datafloq provides Big Data strategy
consulting and is developing a database of Big Data technology vendors to assist companies in the
implementation of Big Data strategies and Big Data solutions. The company is based in The Hague,
Netherlands.

The interview participant is the founder of Datafloq and a Big Data strategist. He has a
marketing management background. Further, the interviewee has published a book on developing
and implementing Big Data strategies.

4.1.3 Thales Group (Nederland)

Thales Group is a French multinational corporation based in Paris-France with offices in 26
countries, and operating in the fields of Aerospace, Defense, Transportation and Security. Their
products vary from weapon systems to in-flight electronic systems, and their main revenue is
generated by military sales. According to their annual results, the year 2014, Thales Group had
revenues of 12.97 billion Euros and above 68,000 employees in 50 countries. Thales Group is the
10th biggest company as measured by the volume of arms sales.

Interviewee participant at Thales Group (Nederland) is the manager of Business Innovation.
She is mainly responsible for innovation of the non-core business. Previously, she has been
involved in strategy and production sales at Thales Group (Nederland).
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4.1.4 TNO

TNO (Nederlandse Organisatie voor Toegepast Natuurwetenschappelijk Onderzoek) is a nonprofit
knowledge-based organization and research institute in the Netherlands that provides applied
research solutions to corporations, businesses and public organizations. TNO has more than 3,000
employees and is represented in 7 countries (the Netherlands, Belgium, Canada, Japan, Qatar,
Singapore and Aruba) with 29 offices which of 23 are located in the Netherlands. TNO focus on
innovation and development within five areas: Industry, Health, Defense & Security, Urbanization,
and Sustainable Energy. TNO has a major role in the growing international network of leading
research institutes, corporations, universities, and other knowledge-based organizations.

The interviewee (1) is an advisor and researcher at the strategy department of TNO. His area
of expertise is Digital Technologies such as Big Data and the Internet of Things. Further, he is
involved in and focusing on data-driven innovation and the impacts of data-driven innovation.

The second interview participant at TNO works as a project manager and consultant, in the
field of business processes supported with innovative ICTs. Further, Interviewee (2) at TNO
coordinates the internal R&D on Big Data.

4.1.5 Philips

Philips (Royal Philips) is a diversified technology company focusing on areas of Healthcare,
Consumer Lifestyle and Lighting. The company is headquartered in the Netherlands and has
approximately 115,000 employees. Philips is a leader in acute- and cardiac care, home- and oral
healthcare, energy efficient lighting solutions and applications.

Interviewee (1) is a Senior Innovation Consultant focusing on Innovation Management at
Philips Innovation Services. Philips Innovation Services is the in-house consulting department
where technical expertise is offered and utilized throughout Philip to consult and solve innovation
challenges. In the past, he has been involved in management teams for consumer devices and
production facilities.

Interviewee participant (2) at Philips is holding the position of director and department head
of Smart Personal Spaces at Philips Research. The department is the hub for the creation of novel
Digital propositions for personal and consumer use. The main focus lies within Smart Homes,
Internet of Things and Big Data.

4.1.6 Apollo Vredestein

Apollo Vredestein is a part of Apollo Tyres - a multinational organization that produces high-
quality tyres for cars, as well as industrial and agricultural machinery. Apollo Vredestein has large
production facilities, together with the European regional office and the global R&D center located
in Enschede in the Netherlands.

44



The interviewee at Apollo Vredestein is working as a Research Manager and has a
professional background in physics and modelling. He has previously worked as a system architect
at a leading IT-company. Currently, the interviewee is engaged in a project to implement Big Data
in a larger extent into processes at Apollo Vredestein.

4.2 Findings

This section will outline the findings in structured tables under 9 categories: 1) Big Data definition,
2) Big Data objective, 3) Data Management, 4) Organizational setup, 5) New Product Development
structure, 6) Big Data in New Product Development, 7) Big Data benefits, 8) Managerial
Challenges of using Big Data in the New Product Development, and 9) Key Success Factors. Table
8 presents an overview of participating organizations and the interviewee positions, together with
given labels which will be used in the presentation of the empirical findings. In addition, Appendix
A will present the empirical findings in text.

Algoritmica Co-founder, Strategy & Business (A)
Development

Datafloq Founder and Big Data Strategist (B)

Thales Group Nederland Business Innovation Manager ©

TNO Digital Technology advisor & (D1)
researcher

TNO Innovation Project Manager and (D2)
consultant

Philips Senior Innovation Consultant at (E1)
Philips Innovation Services

Philips Head of Smart Personal Spaces at (E2)
Philips Research

Apollo Vredestein Research Manager (3]

Table 8. Given labels to interviewees for the presentation of empirical findings
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Big Data Definition

During the conducted qualitative interviews the participants were asked to define and share their
understanding of the term Big Data. The following results within the empirical findings are based
on their definitions, thoughts and comprehension of the term Big Data.

Algoritmica (A) « Observe function, performance and predict failure
« Improve products and projects, ensure that parameters are set

Datafloq (B) « Better understand of how products behave
« Drive recommendations for new concepts

Thales Group Nederland (C) « Achieve internal and external security goals

« Identify a potential and a need for data security, and data that needs to be
protected

« Data transformed in security products and solutions

TNO (D1) « Personalized products and precision
« More prediction, contextualization and automation
« Forge new value networks

TNO (D2) « Uncover patterns that are hidden
« Confirm the things you already know
« Get insights and make predictions

Philips (E1) « Extend products and services

« Ensure consumer satisfaction

« Improve product quality

« Cost and efficiency in production

« Discover new markets through data

Philips (E2) « Accurate predictions, understand what users value and build something
tailored to that
« Use data for discovering and developing new innovations

Apollo Vredestein (F) « Amount of data is that large that it allows for complete coverage of all
settings that can happen and create useful combinations

« Data that enables reliable predictions without knowing anything about the
relation between input and output
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Big Data Objective
In this section the interview participants were asked about their organizations’ objective of using
Big Data and their expectations on the data-mining initiative.

Algoritmica (A) « Big Data is just data that has increased in size and volume
« Data that needs scaled up technologies, advanced techniques and tools to
manage
« Data that is an important component of the product is Big Data
Datafloq (B) « Combination of different internal and external data sources

« Should be called mixed data

Thales Group Nederland (C) |  Big Data stands for enormous amounts of data that is opening up
« Exponential and a more complex data world

TNO (D1) « Data that allows you to see things in a larger scale
« Do things with data that you could not do before
TNO (D2) « Any data-related problem where the size of the data also becomes a part of the
problem

« Number of tools, methods and approaches that enables us to do things with
data which we were not able to do before
« Definition changes when technology advances

Philips (E1) « Unstructured raw data from production
« Really unstructured data from a large set of applications - less accurate
Philips (E2) « Not just the amount but the difficulty in understanding of what is in the  data
« Complex with ambiguous, unstructured data from multiple sources
Apollo Vredestein (F) « Currently no formal Big Data objective

« A general objective of having good products and getting development costs
down, where Big Data could be a useful tool to do so

47



Data Management
In this section the empirical evidence describes the data management procedures such as collection,
quality evaluation, utility and the assessment of what types of data are considered valuable.

Algoritmica (A) « All available data is useful if it is connected to the objective

« Streams of data from sensors, performance indicators and maintenance logs

« Robust techniques and scripts to ensure data quality

« If you do not know what you are looking for, your Big Data project will fail

Datafloq (B) « The usefulness of data depends on the analytic or business objective

« Data quality is established using complete and accurate data including all
variables and aspects

« Poor quality of data or wrong algorithms lead to wrong insight

Thales Group Nederland (C) « Own machine-generated data

« Open and external data provided by customers for specific products

« Social media data for trend analysis to capture moods, events and behavior

« Quality purely based on an application basis

« Prioritizing data from trusted sources

TNO (D1) « The gathering and usefulness of data needs to be based on the objective and
purpose of the project

« Data quality is connected to the limitation of data and the anticipated results

« Linked data - combine different datasets in open-format

« Metadata can describe the quality of the data

TNO (D2) « Collect external data or data you have not thought of, to correlate and
combine with data you already have

« Open data from collaborators through agreements

« One school of thought is to get all the data, and second know what data you
are looking for

« Quality depends on application and requirements

« Production data, data influencing the development process and additional
undiscovered data

Philips (E1) « No common approach on how to capture and collect data

« Wide set of tools used to analyze data

« Using production data, field data from products, and external data

« Privacy laws causing data collection inefficiency

« Need of good quality data and trained staff to process and understand it

Philips (E2) « Capture and collect own product-generated data and external public data such
as social media data

« Brokering data occurs but selectively

« First anonymize the data, then work with it, to comply with values, integrity
and privacy

« Determine the reliability of a data source by the accuracy of past predictions

« Use sufficient correlation in production to find significant additions to quality
and improve accuracy

« Reject or delete data which violates privacy regulations or is unreliable

Apollo Vredestein (F) » Make use of manufacturing data to link input parameter data to the output

« Sensors can be a Big Data source to create relations and understand the
product usage to enhance product development

« Combining data with other product related industries can enable good things

« No clear approach on ensuring data quality, assessment occurs often after the
initial relations are made by removing false datasets for reliability
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« cleaner data from product development process than production

Organizational Setup

In this section, the interviewees were asked about the organizational setup for managing the Big
Data within an organization. Referring to structures and responsibilities of implementing Big Data
into the system. Furthermore, identifying management’s support and initiatives for integrating Big
Data into the NPD process.

Algoritmica (A) « Big Data trend has increased the top management’s awareness of data
potential

« Combining data is essential for value, but decentralized data is killing its
applications

« Accessible data and data analysis skills in all levels of the company for
improved decision-making

Datafloq (B) « Structured in such way that collecting and sharing of data is promoted

« Departments should have access to all data to enable data-driven culture

« Designation of a CDO (Chief Data Officer) - as a bridge between business
and data technology

« Top-down incentives

Thales Group Nederland (C) « Big organizational changes, higher importance of offering consultancy
services

« Right people, right methods and right culture

« Management boosting the data usage in cyber environments to proactively
advise on threats

TNO (D1) « Connect globalized platforms with decentralized areas

« Accessible data via visualization techniques and sandbox environments to
staff without data knowledge

« People with domain expertise need to be able to ask questions that can be
answered with data

TNO (D2) « Flexible teams experimenting, testing and validating data

« Teams with some autonomy, allowed to fail and break some process
regulations

« Data scientists and business individuals running the processes should change
their thinking to common goals

Philips (E1) « Market intelligence for analyzing and capturing trends and feelings

« Internal and external digital connectivity

« Departments have specific setups for using Big Data

« Architectural function to track requirements

« No large formal functions to promote Big Data

Philips (E2) « Have a core entity managing the sales and market data

« Installed department focusing on Big Data

« For research and innovation it is necessary to have new approaches with
data

« Teams with application knowledge that are focusing on certain markets and
collect specific data
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« Data scientists spread all over the organization, enabling competencies

Apollo Vredestein (F)

« Data initiatives are based on a project basis for different objectives
« Established electronics groups (to establish automated analysis systems) that
have experience with Big Data will support and implement Big Data analytics
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New Product Development Structure

Participants were asked to describe their organization’s NPD process - how the organization
structures and manages the different phases of the NPD process. This section is further concerned
with exploring what tools and techniques the case companies use to evaluate and analyze their
projects through the development phases.

Algoritmica (A) « Lean NPD process to avoid delays

Prioritize by using simple tools, revision control, Kaizen method and other
project management tools

Shift the product as early as possible to the customer for validation & feedback

Simulation analysis is a key part to strengthen concepts and features

« Big Data idea generation from a customer perspective, via market research and
behavior analysis

Strict Stage-Gate model and a lean startup model, depending on the product or
innovation

Disruptive systems in NPD for novelty

Security-related development process needs to be flexible

Boarders of the NPD are becoming vague with open innovation

« FFE with a feeding stream from external and internal sources into the concept
bank

FFE activities initiated from both bottom-up and top-down

TNO (D1) « NPD needs to have an iterative approach

« Data-driven NPD not very different from other NPD in structure

Core data technologies intersect with vertical products and demands

« Bend horizontal technologies into vertical solutions

Start-up acquisition for data-driven innovation

Datafloq (B)

Thales Group Nederland (C)

TNO (D2) « NPD life-cycles involve a funnelling approach, filter idea thought stage-gate
process
« Data-driven innovation and Big Data application development aren't that
different from traditional NPD processes
« Data-driven approach could be similar to the startup approach and the open
innovation approach
Philips (E1) « Usage of Stage-Gate model process
« Structure of FFE varies based on type and size of product
« Wide-spread of tools to evaluate and assess development, challenge is to fit
with the problem
« Small teams testing ideas in the market or consumer groups
« Prove if solutions are good and feasible for mass production
« Same mechanism for small as big products
« Reference architecture is the key to start
Philips (E2) « Initiative towards Lean-Startup method

First stage is liberal and encourages experiments

Every innovation has to go through a funnel, some fast and some slower

« Research is mostly exploratory, next phase is to prove the principle and move
further by proving the semi-product

« Have product champions

Feedback loop which evaluates how the product is perceived and used based on

user feedback

Stage-Gate process for creating a new product, a 2 year development cycle

Different function groups in the process, the end products are derivatives of a

platform which is built up of concepts
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Big Data in New Product Development

The following section is examining if or how the case companies make use and implement Big Data
into their NPD processes. In other words, what function Big Data has throughout the process and in
which phases is Big Data used. Participants were also asked to rate their utilization level of using
Big Data in the NPD process.

Algoritmica (A) « Product development dependent on data

« Start from the End, identify the problem and evaluate the usefulness of solving it,
then test with Big Data if valuable predictions can be made

« More data equals better R&D

Datafloq (B) « Big Data can serve every phase of the NPD process, however requiring different
approaches

« The utilization of Big Data in NPD depends on how data-driven the company is

« Central data more used in the formal product development

Thales Group Nederland (C) | « Successful utilization and implementation into core products and markets

« Not yet successful in utilizing Big Data for NPD directed towards new and
emerging markets

TNO (D1) « Product connectivity enables data feedback loops, which improves product
design, product development and maintenance

« Products without Big Data elements can still use Big Data to enable innovation
processes

« When the data is part of the product you get different dynamics of using Big Data
in R&D and product development

« More used for enhancing products and saving money than NPD

TNO (D2) « For existing products it can improve efficiency and effectiveness

« For NPD it is a process of discovery, what is the best way to implement it

« R&D with Big Data from more sources, collectively discover innovations

« Big Data used in very early stage to give insights

« Built-in feedback mechanisms for late-stage product development

« Big Data more valuable for technical applications rather than consumer
applications

« Big Data in NPD is great in theory, but no real examples in practice

Philips (E1) « Identify a new need or new clients for existing or new markets

« Big Data to track activity and other elements within the product - Smart City

« Optimize products and enable growth

« Privacy laws restrict certain usage of Big Data in the NPD

« Big Data used in the NPD is not done on a large scale, still exploring the
application of it

Philips (E2) « Utilize data in research, and in FFE to generate new ideas that can be
introduced to the market

« Big Data just one element, the process will change a bit but in essence stay the
same

« Market data has been used for a long time, connected products that generate
data and utilizing that data is new

Apollo Vredestein (F)  Most used in the manufacturing or production phase

« Big Data is seen as a tool for analysis over many projects and serve decision
making in the product development process

« Many concepts will be in electronic parts and Big Data can set up the structure,
especially if the concept has a data generating function
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Big Data Benefits
This section is related to what benefits or potential the interview participants expect or experience
from using Big Data in the NPD process.

Algoritmica (A) « Core feature to make predictions and improve products and development
« Re-invent business models and exploit business opportunities
Datafloq (B) « Reduce time-to-market

« Adapt ideas, concepts and products on behavior to better fit with the demand
Thales Group Nederland | « Big Data creates new markets so we can continuously develop products

©
TNO (D1) » Enhanced market research and targeting of consumers

« Create new products and improve the value chain with new insights

« Cost efficiency, and targeting new partnerships

« Strategic positioning in the new emerging value ecosystems

TNO (D2) « Efficiency and effectiveness for existing products

« Get insights that help you make predictions

« Prescriptive analytics to improve decision-making

« Validity through descriptive analytics

Philips (E1) « Cost reduction and efficiency from Big Data

« Exploring new opportunities

« Use Big Data to make an impact and difference in society (smart city)

Philips (E2) « Insights in digital form (user tests), understand what customers’ feelings are etc.
« Utilizing the potential of data to identify what you need to target
Apollo Vredestein (F) « Big Data has a lot of potential for products or development that can be easily tested

in different circumstances
« Potential only in the bigger context, if you can generate enough data
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Managerial Challenges of using Big Data in the NPD process

In this section, the interviewees were asked to explain and describe what managerial challenges of
using Big Data exist, as well as what managerial challenges their own organization is facing
connected to Big Data.

Algoritmica (A) « Acquire necessary resources and skills for managing Big Data

« Understand the business case, and not see data as sole potential of value

« Change to a data-driven culture

« Have enough data to avoid cold-starts in the NPD

Datafloq (B) « Employees are reluctant to change

« Departments’ unwillingness to share disables data combination

« Acquiring right expertise

« Integrating data from silos and different departments into centralized systems

Thales Group Nederland « Big Data challenges are also connected with Internet of Things and Cyberspace

©) « Challenges becoming more complex

« To have a clear overview of decisions and impacts is more difficult

« Need to take more risks to be upfront

« Scarce human resources for the Big Data objective

« Challenge of Big Data and usage of intangible assets (IPR)

TNO (D1) « Scaling up new ideas is a challenge due to legacy systems

« Change requires resources, agility and capabilities

« Challenge of data ownership, interoperability issues, trust and privacy to share
and connect data with external actors

TNO (D2) « Find the right and qualified resources

« Top management needs to understand and possess basic knowledge about data
technology and its processes

« A main challenge is the cultural clash between data experts and managers”

Philips (E1) « Big Data is relatively a new concept for Philips

« Other tools have to be used than we have been using previously

« Management initiative to take action for legislation change

« How to find efficient methods in drawing conclusions and decisions

Philips (E2) « Getting the right data is the biggest challenge, often the data is not yet there and
you have to generate it

« Have an interactive attitude and culture

« Acquiring the right people

« Accessible and open information

« Managers need to possess right soft skills

Apollo Vredestein (F)  Have large amounts of data which is clean and rightly organized

« Potential but at the same time and resource consuming to clean out the data
bases to measure and analyze relevant data in a systematic way

« Accessing data from the eco-system of suppliers and users

« Staff need to work according to set procedures and the data needs to be clean

« Need to have time and vision to implement the Big Data correctly into the
process

« Cultural issues need to be addressed
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Key Success Factors

The interview participants were asked about what key success factors or criteria exist for successful
organizing for Big Data. Interviewees were asked to describe organizational and structural key
success factors of using and implementing Big Data, both in general and in the NPD process.

Algoritmica (A) « Processes and project management, as well as experience using data in different
projects

« Building and understanding the business case

 Having a data-driven culture

« Establishing connections between data and business professionals

« Data which is centralized and accessible for everyone

Datafloq (B) « Having centralized data which can be easily accessed and combined

« Acquiring external data sources

« Training the staff to be more Big Data educated

« Culture to involve data into every process in the organization

Thales Group Nederland « Multidisciplinary teams of specialists

© « Engineers that can oversee the entire scope

« Understand that handling data has both direct and indirect influences

« Oversee all stakeholders and their interests in the data

TNO (D1) « Big Data objective and strategy

« Access to the data

« Speed and hyper-connectivity

« Cooperating with different stakeholders with shared ambition and goal to be able
to share data

TNO (D2) « Acceptance and adoption by the users and people that are expected to work with
the outcomes of the Big Data analysis for NPD

« Right timing and right framing

« Privacy laws that allow Big Data Innovation

« Mental model for the acceptance of data innovation and data analysis

Philips (E1) « Trained staff need to understand the data being offered and what to do with it

» Make sure that the legislation is not prohibiting the good use of Big Data

« Faster analytics and conclusions from Big Data

Philips (E2) « The right data and the ability to do sufficient data testing

« Sense of urgency in the organization

« The right data science competencies

« Be able to build your first proof points early

« Culture - openness to experiment and explore new things

Apollo Vredestein (F) « Prove a success story and have early adopters in the development team

« Efficient analysis - have good data base access and reliable connections

« Acquiring sufficient resources (human and technology)

« ldentify if the Big Data approach is suitable for the problem you want to solve
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5. Analysis

This chapter examines the empirics, and aims to draw comparisons between case companies and
relevant theory. The analysis will make use of the coding table presented in table 9 to cross-analyze
and class both primary and secondary data.

Categories Core Category Description of Core Category

Big Data Definition Definition A broad explanation of how Big Data is

perceived.
Big Data Benefits Possible benefits from using Big Data in
Big Data Objectives Benefits order to support and enhance the NPD.

Data Management
Organizational Setup
NPD Structure
Big Data in the NPD

In what way is Big Data collected, processed
Utilization of Big Data in and assessed in order to be used in various
the NPD Process models and phases in the NPD process.

Possible managerial challenges that arise and
Managerial Challenges Challenges limit a successful implementation of Big
Data in the NPD.

Factors which greatly impact and determine
Key Success Factors Implementation the success or failure of Data-Driven
Innovation.

Table 9. Coding Table with core categories
5.1 Big Data definition

This thesis examined the contemporary theory on Big Data and investigated its definition from
multiple literature sources (Manyika et al., 2011; Dumbill, 2013; Feinleib, 2014). The results, based
on the analyzed literature, appeared to have a high degree of homogeneity, as all literature sources
referred to the technical aspects that distinguish data from Big Data. However, Feinleib (2014) is
describing a different definition. Specifically, the Feinleib (2014) suggests that Big Data is about
collecting, processing and acquiring insights from data, at much lower costs than it was possible in
the past.

Considering the parameters of the term “Big Data” it is obvious that the term has an abstract
meaning. An illustration of the definition paradox is observed by trying to quantify the word “Big”,
but also by the constant adoption of new tools in parallel with the increase in data volume.
Therefore, interview participants express a different perception of what Big Data is, and depending
on their experience they have developed an alternative explanation regarding the dimensions or
definitions of Big Data.
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This study was conducted with contributors from diverse organizations, the majority of
which utilize Big Data for commercial purposes. Therefore, the empirical findings are connected
with elements based on a business perspective and primarily with the functions of production,
marketing, and Research & Development. As mentioned earlier in this thesis, the goal is to examine
the utilization of Big Data in the NPD process. Accordingly, the thesis will not go into depth with
technical concepts related to Big Data. Participants repeatedly referred to the mere size of the data,
and thus it is still the dominant criterion in defining Big Data and in accordance with the examined
literature. Furthermore, the adoption of new tools and scaled technologies was consistent with the
literature as a significant factor to distinct between data and Big Data. Also, the description from
participants was associated with the dimensions explained in the theoretical framework, volume,
velocity, variety, veracity and accessibility.

However, interview participants expressed they own coherence and perception elements of
Big Data. Specifically, interviewees (E2) and (B) referred to Big Data as mixed data from multiple
internal and external sources, open and private data. In addition, participants (E1) and (A) believe
that another data characteristic that enables them to use the term “Big Data” in their organization, is
the connection of data with the product or the production process. (D1), (D2) and (F) added that
data that allows them to do things with it that they could not do before, falls under the label of Big
Data. Finally, participant (D2) expressed the belief that the term Big Data should be used when data
size becomes part of the problem of managing it.

Big Data Definition Elements

Data Size Part of the Problem
Things They Could Not Do Before
Mixed Data

Product & Production Relation

Tools & Technology

Size & Volume

0 1 2 3 4 5 6 7 8
Referred by Participants

Exhibit 8. Characteristics defining Big Data within the empirical findings

Throughout the research, both the theoretical framework and the empirical findings
indicated that it would be incorrect to define Big Data based on cardinal numbers. Thus, it is
obvious that the size of data should be correlated with other parameters, such as the processing
power and storing capacity of existing methods and technological capabilities. The analysis speed
of these tools is one of the primary reasons for enabling Big Data potential in various business
applications, including the NPD. Additionally, an important criterion of defining Big Data and
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distinction from traditional data, is the fact that Big Data is composed by a variety of data formats,
which were not contained in the datasets in the past.

5.2 Big Data Benefits

In this part, the aim is to compare literature and empirical findings of benefits and objectives of
using Big Data within the New Product Development. Since the existing literature on the subject
was relatively scarce, the analysis will take into account the general potentials and benefits of Big
Data and place them into context.

The empirical finding results appear to agree in a large degree with the theoretical framework.
Specifically, the findings were placed into three categories: Cost Efficiency and Effectiveness,
Enhanced Decision Making, and New Business Development.

» Cost Reduction
e Time-to-Market

* Insights
* Predictions

* Product Development
» Marketing
* New Markets

Cost Efficiency and Effectiveness

Regarding the cost reduction and effectiveness of production, participants at TNO (D1, D2), Philips
(E1) and Apollo (F) engaged in project or consultancy activities suggested that Big Data could be
used to improve efficiency of existing products. Ohlhorst (2013) and Feinleib (2014), suggest that
combining production data with data from different functions can strengthen efficiency and
effectiveness in several stages within the NPD process, as well as optimize functions outside the
NPD such as supply chain management. Also, participant from TNO (D1) explained that one way
to accomplish cost reduction and increase productivity is through new partnerships. Finally,
participant (B) from Dataflog added that Big Data implementation could improve effectiveness by
reducing time-to-market.

Enhanced Decision-Making

McAfee & Brynjolfsson (2012) argue that data-driven decisions are more effective, since they are
based on evidence provided by data. Most of the research contributors described the possibilities of
how Big Data can improve the precision and validity of decision-making. These opportunities were
grouped under two categories, Insights and Predictions.
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Participant (B) at Dataflog, explained that utilizing Big Data can provide new or more
precise insights by examining users’ behavior and fitting it with demand. Interviewee (E2) from
Philips added that insight can be in a digital form, such as use tests, in order to understand the
customers and adjust the decisions about the products accordingly. Further, participant (D1)
suggested that new insights can be used in the process of NPD for personalized products and
precision, but also to enhance different stages of the whole value chain. His colleague at TNO, (D2)
proposed that insights can be used to organize predictions in the market or in different sectors, and
uncover hidden data patterns to use for commercial or social purposes. Additionally, (D2) said that
he considers Big Data as a way of confirming expectations and decisions that organizations were
already considering with the use of descriptive analytics.

The second label includes the responses from participants regarding predictions which can
assist the process of decision-making by changing it into a data-based decision-making process.
Particularly, interviewee (A) from Algoritmica argued that Big Data-based predictions can provide
evidence for decisions, and improve a product which would be impossible to do so without using it.
Contributor (E2) at Philips added that Big Data predictions could offer accuracy in sales,
understanding what qualities user value and adjust products to it. Furthermore, individual (D1)
emphasized that Big Data analytics can assist in the development of predictive, contextualized and
automated solutions. His colleague (D2) at TNO explained that the prescriptive approach could
enhance decision making but predicting and suggesting actions but it is currently in its infancy
stage.

New Business Development

All case-study companies referred to the New Business Development process and how Big Data can
complete the objectives set, when utilized in it. The information extracted from interviews was in
accordance with the theoretical framework of this research. In order to provide a deeper explanation
of the findings, we adopted three groups of New Business Development classification, Product
Development, Marketing, and New Markets.

Algoritmica participant (A) suggested that utilizing Big Data in order to support the New
Product Development process is a valuable tool to exploit business opportunities and re-invent
business models. Additionally, he suggested that Big Data offer the possibility to observe and
predict failures in product performance or its parameters, and avoid malfunctions or downtime. As
mentioned in the theoretical framework, Chen et al. (2012) suggests that insights provided by data
can transform business models and enhance the process of New Business Development. Datafloq
contributor (B) believed that Big Data in the production process can lead to a greater understanding
on how products or users behave, and enable accurate recommendations for existing or new
products. Further, Thales interviewee (C) explained that Big Data compose a key element of some
of Thales’ products. By gathering data, they are able to determine product features and customize
them accordingly. Davenport (2014) described the use of Big Data in the New Business
Development process as the most interesting, since it enables products and services across the
value-chain. Another participant, (E1) at Philips argued that Big Data contribute in the product
development process by extending product features and life, as well as improvements in quality for
customer satisfaction. Finally, he suggested that Big Data products could significantly impact
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societies, by offering products such as Philips’ Smart-Cities concepts of connectivity and
optimization.

Several interviewees identified the field of Marketing as another area of contribution of
adopting a Big Data analytics unit in an organization. TNO participant (D1) suggests that Big Data
utilization for marketing purposes can enhance market research, target consumers and the results
can be translated into precision for creating more personalized products. Furthermore, contributor
(E2) at Philips explained how Big Data can identify trends and customer demands, and uses their
analysis to create and promote new product innovations. His colleague (E1) in Philips added that by
using the above method, Philips can encourage customer satisfaction.

The last part of the New Business Development benefits that a number of participants
identified in accordance to the theoretical framework, is the ability to acquire information about
New Markets and Ecosystems. Interviewee (C) at Thales described that Thales is analyzing Big
Data in order to monitor and determine potential need for new markets. After the examination of the
results, the management team suggests if the organization should enter the market and create new
innovative products. In Addition, contributor (E1) at Philips explained that his organization is
exploiting Big Data in order to discover new markets and explore if these opportunities have the
necessary investment potential. Finally, TNO interviewee (D1) argued that Big Data are a unique
opportunity to strategically position inside emerging ecosystems and forge new value networks that
could provide a competitive advantage.

5.3 Big Data and New Product Development

The Lean and Agile Approach

The empirical findings manifest that investigated case companies are focusing their efforts on being
more lean and agile in the New Product Development process. Eric Ries (2011) introduced the new
concept of product development - “the Lean Startup method”, which is being utilized and
implemented to some extent by both SMEs and large MNEs according to our findings. The Lean
Startup is grounded on 5 principles with the objective to be more responsive to market needs by
understanding necessities and eliminating wasteful activities of the NPD process. Findings at TNO
show that data-driven NPD approach is similar to the Lean Startup method, as an iterative process
of repeating activities and adjusting products based on the large amount of product relative data.

Algoritmica’s NPD process is based on the principles coined by Ries (2011). Their agile
product development approach is to iteratively develop a minimum viable product and shift the
product as early as possible to the customer to enter the BML feedback loop. Interviewee (A) at
Algoritmica explains that advanced NPD models will increase their product development cycles and
set them back. Therefore, agility in the form of customer validation and other simpler tools are
prioritized. Within their agile NPD process, Big Data is considered to be an essential component
and enabler of validated learning and overall product development. Accessing and using Big Data
in an agile development process enables them to iteratively modify and improve the product
throughout the process. Further, as more data is collected and accessed the company are able to
perform R&D on a larger scale to tweak, evaluate and develop with greater precision. The

60



respondent (F) at Apollo describe elements of the lean approach in their NPD where user-feedback
loops are used to improve products.

Philips, as a large and multinational enterprise, also recognizes the benefits of introducing
the Lean Startup method for greater agility in the NPD process and a continuous customer
validation and feedback to better fit the demand. However, according to our findings the Lean
Startup method within Philips is only used in applicable situations and for suitable products. Thus,
substantial and complex products (e.g. new X-ray machines) are developed through strict stage-gate
processes. The findings show the same methods being adopted by Thales. Thales structures its NPD
process depending on the type of product. Findings show that security-related product development
needs to be flexible and adjustments have to be made throughout the entire development process.
More so, Thales’ market-related NPD takes basis in understanding and listening to the market,
hence implementing an agile and lean process with high levels of customer involvement through
feedback loops.

Data Collection

Research participants were asked to describe how do they collect and evaluate the data gathered.
Morabito (2015) argues that collecting data is currently a limitation for several data-driven
companies. Participant (A) from Algoritmica, identified the primary sources of data collection for
his company as operations data, and specifically logs and sensors data. Interviewee (F) at Apollo
emphasized the important Big Data source from sensors that can create relations and provide a
better understanding of the product usage and in that way improve the development. Interviewee
(C), described the data sources at Thales as own machine-generated data, open and external data
provided by customers for certain product use and social media data. Contributor (D2) from TNO
suggested a different approach regarding data collection. Specifically, he (D2) added that
organizations should collect data they have not thought of in the past, in order to combine and
correlate with data they already possess. Interviewee (E2) from Philips mentioned product data,
field data and external data as the primary sources of collecting, but he argued that it is insufficient
due to law restrictions. His colleague at Philips (E2) described the same sources with the addition
that selective data brokering can occur selectively.

Data Quality

Furthermore, the accuracy and validity of the captured data is another challenging aspect that
organizations need to address (Ohlhorst, 2013). Therefore, each organization should select and
implement the effective tools, suitable for their purpose. Interviewee (A) from Algoritmica
explained that the challenge of data quality is related to missing values and data has to be sorted
with the usage of robust techniques and scripts. Participant (B) from Datafloq, suggested that data
quality can be verified by complete and accurate data which includes values and variables relevant
to the purpose of collecting them. Contributors (D1), (D2) from TNO and (C) from Thales, argued
that the quality of data is connected with the anticipated results and based purely on application
basis. As an illustration, participant (D1) described a situation where data quality is sufficient but
not for the purpose which was acquired by the organization. Finally, interviewee (E2) at Philips
connected the reliability with the accuracy of the past predictions, therefore he suggested as a
method of accuracy improvement to correlate data in production in order to further connect it with
quality.
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Data Usefulness

Morabito (2015) suggests that in order for a process of data gathering to produce value, data is
required to be actionable. Thus, each organization should seek data in accordance with the needs of
its operations and goals. Algoritmica participant (A) believes that all available data connected any
way with operations and products are useful, while any other kind of data is excluded. Interviewees
(B) at Dataflog and (D1) at TNO, explained that the usefulness of data is determined by the analytic
or business objective and if data is suitable for the right questions to be answered. (D2) at TNO
suggested that he considers three types of data useful, production data, data influencing the
development process anyhow, and undiscovered data that no one thought of but with value or an
effect to the operations. Furthermore, he (D2) argued that they are two schools of thought regarding
data usefulness, the first suggesting that all data are considered useful, and the second which
suggests that organizations should acquire only the directly valuable for them data. Finally,
participant (E2) from Philips explained that they consider all data useful as long as they are reliable
and do not violate privacy regulations.

New Concept Development

As already described in this thesis, the New Concept Development model is composed by three
segments (Koen et al., 2001). The first segment is describing the engine of the model, which
includes the internal environment of the organization, and specifically the strategy and the culture.
In accordance to the theory, participants (D1) at TNO and (C) from Thales suggested the
importance of setting a data-driven strategy in order to unlock data opportunities. Thus,
collaborating with stakeholders with shared objectives and interests offers an excellent prospect of
expanding data-operations, rather than focusing just on data management. Furthermore, contributors
(A) from Algoritmica, (B) from Datafloq, (C) at Thales, explained that a data-driven culture is the
key for enhancing the decision-making process, and in several cases has a greater impact than
factors such as the Big Data technology itself. Interviewees (D2) from TNO and (E2) from Philips,
argued that data-driven culture could promote the adoption of Big Data in the New Product
Development process by encouraging experimentation with data and encouraging a mental model
for data innovation.

The second is referring to the influencing factors of the external micro and macro
environment such as organizational capabilities and resources, as well as social, technological and
legal elements (Belliveau et al., 2002). Participant (D2) at TNO and (E1) at Philips, suggested that
social actors should position themselves in the changing reality of Big Data in order to promote the
good use of analytics and data innovation. Therefore, the challenge underlies in encouraging the
adoption of modern laws with achieves both a successful data commercialization and respect the
privacy of sensitive user-data.

Additionally, all participants referred to the organizational capabilities for Big Data
implementation in the NPD process. Bloem et al. (2013) emphasized the significance of
organizational transformation in order to access Big Data potential. A crucial decision for the
management team is to determine the information system strategy, according to the organization’s
level of maturity (Laudon & Laudon, 2011). Contributors (A) from Algoritmica, (D1) from TNO
and (E1) from Philips, explained that accessibility and connectivity to all departments is able to
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increase effectiveness in collaboration and decision-making. Therefore, participants argued that
centralized platforms can possibly prevent data-application elimination or critical delays, caused by
decentralization of information systems, and no one supposed a decentralized model. In addition,
interviewees (D2) from TNO, (E1) and (E2) from Philips, argued that designing autonomous
departments and teams provide the necessary flexibility to support data experimentation and
innovation. Contributors (D1) and (D2) from TNO, as well as (E2) from Philips, suggested the
further involvement of data scientists within the organization in order to unlock competencies and
enhance data processes. Finally, interviewee (C) at Thales added that apart from the people,
organizations should make structural changes and implement the right methods and culture
therefore organization consulting could be the key in enabling data capabilities.

The final segment of the New Concept Development model contains the elements within the
flexible FFE loop, which includes opportunity identification and analysis, idea generation and
selection, as well as concept definition (Koen et al., 2001; Belliveau et al., 2002). Thales participant
(C) described the feeding stream towards the FFE as internal and external, bottom-up and top-down.
This process is encouraging the flexibility in which the NCD model was based on. Furthermore,
contributors (B) from Datafloq, (D2) from TNO, (E1) and (E2) from Philips, proposed that utilizing
data in the FFE process, offer the ability to identify new needs and generate new ideas through
market research and behavior analysis. Interviewee (E2) at Philips, argued that every data-
innovation has to go through a funnel, in some cases it happens in the pre-development stages,
consequently in the idea selection stage.

Applying Big Data into the NPD

The role of Big Data in the NPD process is directly affected by how data-driven the organization is
overall. As seen at Algoritmica, their product and solution, as well as product development is highly
dependent on the collection and processing of large data sets.

According to the theory and empirical findings, variants of the Stage-Gate model are the most
utilized and preferred models within the NPD process. Both Philips and Thales make use of strict
Stage-Gate models for advanced and complex product development. This approach is selected due
to the many benefits the Stage-Gate model holds, i.e. strong control of the product development,
mitigating the risk of failure, and other benefits which have been presented in Table 2 of this thesis.
Datafloq (B) argued that Big Data can add value and be applied to every phase/stage of the NPD
process. However, each case or purpose of the Big Data implementation requires a different
approach and strategy. Interviewee (D1) at TNO emphasized that large data is more used for
enhancing products and reducing cost than providing greater dynamics to the NPD process. Central
data collected from the company’s own production lines or products’ inter-connectivity is used in
the formal development phase.

During our research, we noticed that many companies are focusing towards more flexible NPD
models or variations, such as the Lean-startup model. Such models can take advantages of Big Data
implementation benefits in a higher degree, since their non-linear structure allows feedback loops
and data-gained insights to be implemented as fast as possible. Participant (A) at Algoritmica
argued that the initial goal of a new software product development is to receive customer insights
by launching a minimum viable product, a process which aligns with the theoretical framework
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(Ries, 2011). Interviewee (E2) at Philips, explained how the experimentation with data can enhance
the NPD process in both Stage gate and Lean startup models.

We believe that Big Data have the ability to be used and transform all stages of the NPD process.
However, we would suggest organizations to adopt flexible models or stages (NCD) in order to
benefit even more. Linear models do not easily offer the ability to go backwards and redesign or
implement changes. The more data-dependant a product is, the more it requires cyclical models to
constantly improve. Feedback data is a continuous source of improvement, insights, and enhanced
decision-making. To illustrate with an example, we can mention most software products that need
to be updated constantly.

5.4 Managerial Challenges

The empirical findings acknowledged several significant challenges that are essential to addressed
when using or implementing Big Data in NPD. The obstacles that need to be overcome are
presented and divided into two categories: technical and managerial. The technical challenges
presented by theory and empirics are more concerned with technical ability and functionality, which
lands outside the scope of this research. However, to wholly understand what hurdles organizations
face, we cannot disregard crucial technical challenges that possess a direct impact on the utilization
of Big Data in NPD.

* Incompatible IT  Understanding Data Value
* Access to Data * Corporate Culture Change
» Meaningful Output * Human & Financial Resources

* Legal & Security

Anchoring change in the corporate culture

A major managerial challenge of using Big Data in the NPD process recognized by most of the case
companies was linked to anchoring change in the corporate culture. Algoritmica contributor (A) and
(F) at Apollo, stressed that a significant obstacles faced by many that are trying to implement Big
Data into their processes is that the corporate culture is not data-driven. Further, interviewee (A) at
Algoritmica emphasizes that cultural change is often being neglected by domain experts that are too
skeptical about what value Big Data can bring, as well as changing the already established
processes. In the literature, Manyika et al. (2011) argue that the most crucial barrier to overcome is
the establishment of a data-driven culture and structure. Datafloq presented a concurring opinion
and reasoned that the challenge lies in employees being reluctant to change which creates
significant hurdles since Big Data implementation is a prolonged and continuous process. Another
managerial challenge mentioned by Datafloq, which further incorporates the corporate culture, is
the challenge of internal competition and unwillingness to share data, information or knowledge
across departments, thus, disabling a successful Big Data implementation. The findings were in line
with the reasoning of Parmar et al. (2014), placing data and analytics as the central function for
achieving a data-driven culture, hence the need of having a cross-functional distribution of data.
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Interviewee (D2) at TNO presented another cultural aspect as a managerial challenge. He
argued that the main challenge of implementing Big Data into the NPD process is the cultural clash
between different types of key staff necessary for such implementation. The cultural clash is the
inability of data experts and business managers to understand the common objectives. Galbraith
(2014) emphasized the need to strengthen the data acceptance, data reliance and analytic
capabilities within the organizations to achieve a data-driven culture. At Philips it was vital to
establish an interactive culture and attitude so the cultural clash can be minimized by the staff being
knowledgeable about the applications to ensure good interaction with data scientist and engineers.
However, interviewee (E2) points out the importance of addressing the challenge of having or
acquiring individuals that possess the right soft skills to be able to interact across their competence
fields.

Incompatible Technologies

Theory in the area of Big Data mainly presented technological challenges of using and
implementing Big Data. Morabito (2015) stated that an essential obstacle to overcome is to solve
for incompatible technologies, IT infrastructures and Data architectures. He further argued that
incompatible technologies offset the initiatives of sharing data across internal and external
platforms. Datafloq referred to the challenge of integrating data silos into centralized systems.
Accordingly, Manyika et al. (2011) pointed out the technological challenge of integrating and
standardizing data of distinct formats. So, ensuring format consistency of internal and external
databases is a challenge that needs to be addressed. According to the empirical findings, the
implementation of technologies has to be compatible with the specific task, since some technologies
are more suitable for certain objectives and goals. Interviewee (D2) at TNO expressed that the
organization needs to adapt the necessary technologies based on the task and fit the implementation
accordingly. However, this technological adaptation is subjected to the data maturity of the
organization (Manyika et al., 2011). More so, TNO emphasized that legacy systems (outdated
technologies) form obstacles and organizations are required to possess sufficient resources,
capabilities and agility to successfully deal with such technological challenges.

Human and Financial Resources

In order to establish an analytics unit which will support Big Data processing, interested parties
should be able to ensure that they hold the resources for the implementation. All the participant
cases-companies referred to the necessity of securing the required resources. Four of them,
participants (A) at Algoritmica, (B) at Dataflog, (C) at Thales, (D2) at TNO, and (F) at Apollo
argued that employees should be more involved with data procedures. Further, literature
emphasized the importance of resource acquisition and management, in order to successfully
complete such a project (Morabito, 2015; Harris et al., 2013; Grossman & Siegel, 2014; Lake &
Drake, 2014).

While examining the literature and during our empirical findings, we realized that the
hardest resources to acquire are human resources. Therefore, we propose organizations to train
their employees or alternatively, create multidisciplinary teams composed with individuals who
possess the necessary skills to manage Big Data as well as generalists. Regarding the financial
resources, we suggest interested parties to determine the level of engagement of their organization
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and invest accordingly. By doing so, budget teams will control the cost of the analytics project, and
they will be able to compare the initial investment with the value of the information gained at later
stages, before deciding further investments for Big Data.

Access to Data

Regarding access to data, we are referring to two different categories. The first category is
describing the organization’s ability to acquire data from internal and external sources. OECD
(2014), and Morabito (2015), highlight the importance of being able to collect data. Interviewee (B)
at Datafloq and (E) at Apollo highlighted the importance of establishing external sources for data,
while participants (D1) at TNO and (F) at Apollo believe that stakeholders with shared goals might
be the key for data sharing. Further, participant (E2) at Philips considered the access to right data a
key component of experimentation with data, and therefore a major success factor for the New
Product Development.

The second category is concerning the access to data by the organization’s employees.
Participant (A) from Algoritmica, and (B) at Datafloq stressed the important of having data
centralized in order to provide the ability to all interested actors within the company to access and
process it. In the theoretical framework, we briefly explained some of the strategies regarding
Information Systems integration. We believe that in order to organize and manage successfully Big
Data, most organizations should have a centralized approach. Further, we recognize the importance
of acquiring data, therefore we would suggest organizations to establish “data-alliances” with
partners, suppliers and other actors with common interests.

Extracting meaningful output and understanding the Value

Organizations should be aware that output from data is useful and efficient only if it encloses value.
Morabito (2015), and Ohlhorst (2013) suggest that collecting data does not provide any value unless
crucial information are extracted. In order to classify as important information, the result must be
valid and accurate (Ohlhorst, 2013). Our participants suggested that understanding the value of data
is one of the initial steps of success. Participant (A) at Algoritmica, and (C) at Thales, argued that it
is vital to build and understand a business case with data, by combining managers and data
scientists. Further, interviewee (E1) at Philips pointed out the importance by suggesting specialized
data scientists and managers to examine the data offered and determine its potential. We understand
the importance of extracting value information but we also understand the nature of new
discoveries. In some cases in order to acquire a valuable output, it is necessary to experiment and
reveal new methods, processes and results.

Legal and Security

A significant limitation of using Big Data which is not affected by the organization, is within the

privacy and legislation context. Manyika et al. (2011) and Ohlhorst (2013), emphasize the policies

regarding medical and financial records. In some countries, the limitation is includes more

categories of private data protected by laws. Further, there have been incidents in the past of

organizations with security breaches and the loss of important private information. Morabito (2015)
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explains that in some cases, the organizations responsible for securing the data were hiding the truth
in fear of their public, corporate image.

Interviewee (E1) at Philips highlighted the need to have a legislation reform that will allows
the good use of Big Data and benefit both organizations and the society by promoting innovation.
Furthermore, participant (D2) at TNO agrees with the legislation change and adds that organizations
should encourage the right mental model for the acceptance of data innovation. In order to achieve
that, they should pick the right timing and the right framing. We believe that it is time for
organizations and the society to start a constructive dialogue regarding Big Data and privacy.
Companies should approach the government and the society and agree on a reform which will be
accepted by all interested groups.

5.5 Key Success Factors

This part of the analysis is examining and comparing the theoretical framework as structured by the
literature, and the empirical findings of the research. Participants were asked to identify which are —
if any — the key success factors for successfully implementing Big Data analytics into the New
Product Development process. Therefore, in order to determine the specific area of impact of each
factor, the classification of the Key Success Factors was grouped in eight categories: Intent,
Culture, Technology, Staff, Data, Process, Organizational, and Privacy.

The factor of intent is referring to the organization’s actions to design and implement a Big
Data strategy by choosing the suitable technologies and techniques according to their requirements
(Manyika et al., 2011; Sathi, 2013). Participant (D1) at TNO suggested that it is essential for
organizations to have set their objectives as well as a Data strategy in order to successful manage
Big Data. Further, (D1) believes that a strategic collaboration with different stakeholders with
common goals and ambitions, could unlock data sharing opportunities. Additionally, interviewee
(C) at Thales explained organizations should oversee the interests of stakeholders in the data, rather
than focusing only on handling data.

All participating organizations referred to the significance of a data-driven culture and the
impact upon the connected operations. Parmar et al. (2014), explain that in a data-driven culture,
data holds a central function and promotes a fact-based decision-making process, while data-driven
decisions are more informed and effective (McAfee & Brynjolfsson, 2012). Interviewee (A) from
Algoritmica, argued that a data-driven culture is more important than Big Data technology, since
this is where limitations often occur. Participant (B) at Dataflog, added that a culture to involve data
in every process could improve functions such decision-making. Furthermore, contributor (D2)
from TNO suggested that organizations using data should encourage the acceptance of Big Data in
the New Product Development process. In order to do so, organizations should promote a mental
model for data innovation and analysis. Contributor (E2) at Philips connected the data-driven
culture with the openness of experimenting and exploring new things with the use of data, as an
important process for New Product Development. Finally, interviewee (C) at Thales emphasized the
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importance of data-driven culture and explained that organizations should understand that handling
data has both direct and indirect influences.

According to the theoretical framework, the technological adoption is one of the significant
factors for an effective commercial use of Big Data, especially regarding real-time decision-making
(Morabito, 2015; Sathi, 2013; Ohlhorst, 2013). Despite this reference in the literature, only one
participant emphasized the importance of technology as a key success factor. Specifically,
interviewee (E1) at Philips and (F) at Apollo suggested that in several cases it is crucial to analyze
the data and draw conclusions as fast as possible, in order to exploit possible market opportunities.

On the contrary, many contributors described the factor of having a well-trained staff as
necessary to successfully organize Big Data. Manyika et al. (2011), includes the urgency of
acquiring skilled human resources and believes that it will be a decisive factor that it will become a
challenge due to a shortage. Participant (B) from Dataflog argued that there is insufficient
specialized human resources, and believes that organizations might need to start training their own
staff. In addition, interviewee (C) at Thales suggested that teams should be multidisciplinary and
composed by specialists. Generalists-engineers should oversee the entire scope, operationally,
tactically, and politically to ensure that the organization’s strategy is followed. Contributors (E1)
and (E2) from Philips, pointed out that the staff working with Big Data, should have the necessary
competencies, both in technical and commercial aspects, in order to achieve the goals set. Another
success factor was highlighted by interviewee (F) which stretched the importance to have sufficient
human resources but also have early adopters within the organization.

The theoretical framework of this thesis, described how data have changed the decision-
making process and unlocked new business opportunities (DiFilippo & Blase, 2014; Morabito,
2014; Ohlhorst, 2013). Wengler (2001) further argues that having access to data enables the
emerging of patterns and trends. Interviewee (B) at Dataflog believes that expanding data collection
to external sources will improve insight gaining and promote data experiments. Participant (E2)
from Philips suggested a similar approach, obtaining the right data and experimenting with them in
order to explore new opportunities and create a sense of urgency. Finally, interviewee (D1) from
TNO added that collaboration with different stakeholders with combined ambitions and goals will
set the base for strategic data sharing.

The process of organizing the information systems and the data inside them is determined by
the data-maturity of an organization in accordance with the strategy (Laudon & Laudon, 2011).
Participant (A) from Algoritmica, highlighted that having centralized data which is accessible to
everyone is a key factor of success, and could significantly promote project management and
several other processes. Interviewee (B) at Datafloq described a similar approach of centralized and
accessible data, which could enable a combination of data.

Manyika et al. (2011), argues that organizations need to change, adapt to Big Data
requirements, while they should perceive and design the business process of implementing a data
strategy. Contributor (A) from Algoritmica, suggested that organizations should build and
understand the business case when managing data. Therefore, it is vital to promote the connection
between data scientists and managers for an effective collaboration. Interviewee (D1) further added
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the value of speed in hyper-connectivity within the organization regarding the use of data and
achieving the goals.

Two participants stressed the necessity for data-driven organizations to act in order to
promote legislations enabling Big Data activities, and cope with that limitation. According to
McKinsey (2011) and Kerr & Earle (2013), organizations and societies will have to position
themselves and choose between privacy and efficiency in several market segments currently
unavailable due to privacy laws. Interviewee (E1) from Philips urged organizations to ensure that
future legislations will not prohibit the good use of Big Data that will benefit both societies and
companies. Further, participant (D2) at TNO suggested that privacy laws must be addressed in order
to allow the expansion of data-driven innovation, but in order to materialize organizations should
choose the right framing and timing.
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Exhibit 9. Summary of Key Success Factors

6. Conclusion

The objective of this study was to explore and provide an understanding of what role Big Data
holds in the New Product Development and how companies in the Netherlands organize for Big
Data. Furthermore, the study aimed to examine perceived benefits and managerial challenges linked
with Big Data in the New Product Development.

In order to answer the main research question of this study: “What is the role of Big Data in
the New Product Development?“ it was essential to start by exploring how the theory and
participants at chosen case companies identify Big Data and its functions. Undoubtedly, both the
theory and the empirical findings illustrated inconsistency, and presented diverse definitions
without any ties to industry, sector, company, department or function. However, in many cases Big
Data was associated with recently emerged technological or managerial problems, while in others it
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was directed towards immense business opportunities. However, a clear pattern was disclosed. In
the cases where the definition of Big Data was associated with limitations there was no clear
organizational setup nor a Big Data objective. Contrary, in cases where Big Data was related to
opportunities in development, production and enhancements, there was a clear approach with a
well-developed business case that incorporated Big Data in its process to reach the goal.

Big Data enables the possibility for organizations to gain significant benefits, which can
result into a competitive advantage. Benefits extend to a large spectrum of business activities can be
translated into cost efficiency, insights or predictions, but also act as the key for New Business
Development possibilities. Also, advanced tools offer the opportunity for organizations to manage
large datasets at some extent, similar to economies of scale. Therefore, the more data the
organization acquires, the cheaper it will become to store and analyze per data unit. With the
increased data volume, organizations are able to expand the possibilities of market research and
customer targeting more effectively, and support the New Product Development. A less expected
outcome of Big Data is caused by its disruptive action, and the ability to unlock and compete in new
non-core markets that otherwise would be impossible without the role of Big Data.

The process of using collected data to extract insights and value is not new, but due to the
exponential growth of data volume and its variety, organizations are required to implement new
tools and techniques. The empirical findings conclude that the role of Big Data is widespread within
the NPD, however its influence is more likely to be aimed on supporting already employed NPD
structures than enabling novel ones. Despite the lack of knowledge and initiative to set up new NPD
structures and processes which incorporate Big Data as a standard element, Big Data holds a crucial
but indirect role in the established NPD processes. For the objective of this study the two main
models of NPD, the Stage-Gate model and the Lean Startup method, were investigated which also
proved to be mostly employed by the case companies.

The empirical findings show that the variations of Stage-Gate model are undoubtedly still
the most common approach to NPD in more traditional industries or product categories especially
that require big investments and high-degree of formalization. The role of Big Data in the pre-
development (NCD model) stage was found to strengthen important activity elements and
segments. The effect of the influencing factors streaming in to the NCD model, from external and
internal sources, increase with Big Data due to informationalization. However, the empirics as well
as the theory (Keon et al., 2001) highlight that the embedded corporate culture, governance and
strategies are directly influencing the role of Big Data within the process. Nonetheless, the circular
NCD model is more flexible than more sequential processes, thus better suited to adopt Big Data
into its process of generating concepts. In novel models, such as the Lean Startup model, data-
enabled feedback loops and insights are a critical component of success. Flexible NPD models can
draw more benefits from data-driven approaches, because of their dynamic nature of swift
implementation of new changes. Also, in order to enable an effective operation of models and
enhance the value generation throughout the chain, organizations should collect data according to
their needs. Some cases require all the possible available data, while others demand a targeted
acquisition of datasets. In addition, organizations have to ensure the high quality of the data before
they base their business and operational decisions on it. Further, to stimulate NPD through Big Data
there is a need for alignment between Big Data strategies and overall business strategies to ensure
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effectiveness. In other words, top management has to continuously provide clear guidelines and
present an enterprise-wide business case that can effectively be solved with the means of Big Data.

Further, the successful implementation of Big Data requires organizations to be prepared to
address some - significant for succeeding - challenges. Apart from solving technical challenges, it is
vital for data-driven organizations to focus on managing the managerial dimension of these
obstacles. The first limitation to overcome is connected with securing the resources (human and
financial) required for the transition into a data-driven organization. But perhaps the most important
step is the design and implementation of a data-driven culture, which requires employees to
understand the important role of data as well as have a centralized and clear access to it.

6.1 Recommendations
This chapter will provide recommendations based on the theory and empirical findings. The
following steps are to provide an initial road-map for organizing Big Data within the organizational

functions, with an emphasis in the New Product Development.

« Urge the Top-Management to create a Data Strategy according to the needs of the
organization that will enable employees to access data through centralized platforms.

¢+ Establish a Data-driven Culture which will involve as many employees as possible, since
evidence-based decisions are more effective decisions.

« Appoint a Chief Data Officer with the responsibility of connecting managers and data
scientists, as a formula to bridge the data-understanding gap between these two groups.

% Train existing employees or create multidisciplinary teams in order to address the data
scientist shortage.

s Promote Data-Alliances with stakeholders which share common goals, and gain access to
valuable sources of data.

+« Adoption of flexible forms of New Product Development models, since they can benefit
more from Big Data utilization compared to traditional approaches.

s Emphasize Data-enhanced feedback loops, to add product improvements or redesign the
products.

+« Encouragement of data experimentation, as a mean to promote Data-driven Innovation and
Product Champions, in the New Product Development.

71



%+ Campaigns and constructive dialogues with the society and state institutions, with the goal
of reaching an agreement regarding the reformation of privacy legislation.

6.2 Future Research

As we mentioned earlier in the thesis, we believe that the literature describing the role of Big Data
in the New Product Development is inadequate. Therefore, our goal was to examine the role of Big
Data in multiple functions of the New Product Development stages. However, the focus was
undulated between a diverse number of industries, since our intention was to create a broad
comprehension on how Big Data is applied in different New Product Development processes. In a
future research, this exploratory approach could be replaced by an in-depth examination of specific
industries that are considered successful in Big Data implementation in the New Product
Development. This investigation would provide interesting results regarding the frameworks,
methods and factors that stimulated their success, from both the managerial and operational point of
view.

The empirical findings of this study indicated that the most successful Big Data applications
are connected to predictive maintenance through real-time data generating devices with sensors.
Despite that, we conceptualize significant undiscovered potential in the Internet of Things and
Smart-Products, an interactive category of products which is still in its infancy. Further, smart-
products are constantly reporting back all kinds of data that synthesize useful information and they
are currently limited by privacy and security reasons, and the lack of know-how to process them
effectively. Organizations are currently experimenting on how the Internet of Things can affect
Smart-Products. From a researcher’s point of view, examining how to organize the New Product
Development of Smart-Products, by using the Internet of Things would compose an interesting and
challenging topic. However, we believe that the best timing to engage to such research would be
when organizations will establish a higher degree of maturity regarding Big Data implementation
and the Internet of Things.

All the above advocate that Big Data can be an important component of new robust
products, or offer product improvements sewed accordingly to their users’ needs. Furthermore,
considering the fact that Europe together with the rest of the Western economies are in the process
of becoming wide-service providers, it would be interesting to examine how Big Data can enhance
the New Service Development process. In order to achieve that, some of the dimensions related to
product development should be replaced to match the new research purpose.
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8. Appendixes
Appendix A. Empirical Findings in Text

Al. Big Data Definition

Participant (A) explains that data has been increasing exponentially in size and volume for a long
time. Also, he pointed out the increase in the computing power and the need to use tools such as
predictive models, anomaly detection and natural language processing, in order to solve more
complicated problems, connected with the radical growth of data size. Interviewee (A) claims that
too much attention is being directed towards the term “Big Data”, he argues that organizations
should rather talk about just “data”. Participant (A) concludes that if data is an important component
of the product it should be considered Big Data, regardless of its volume.

Participant (B), highlights that a more accurate term for Big Data is “Mixed data”. Further,
he defines that Big Data is a combination of internal and external data sources to gain better
understanding and insight. Interview Participant (C) defines Big Data as enormous amount of data
that is opening up, being both internal and external. She refers to Big Data as an exponential and a
more complex data world. Interviewee (F) defines Big Data as the amount of data that allows for
complete coverage of all settings which can happen and enable useful data combinations. Further,
(F) emphasizes that Big Data is such data that enables reliable predictions without knowing
anything about the relationship between input and output.

Interviewee (D1) at TNO explains that the definition of Big Data is the least important
question, and that there exist a lot of definitions but mostly definitions of technological problem.
Big Data allows us to discover things in a larger scale that we could not discover in small scale.
Further, do things with the data that was not possible earlier.

Participant (D2) believes that the best definition to describe Big Data is involving any data-
related problem where the size of the data becomes part of the problem. Further, (D2) adds the
tools, methods and approaches that enables us to do things with data which were not feasible in the
past. The definition that (D2) is providing, implies that the problem of the Big Data size is changing
together with the technological advancements on the data volume and the analytic tools. An
illustration of his definition is reflected in the phrase that “things we call Big Data now, it will be in
people’s phones in 10 years”.

The interviewee (E1) at Philips relates Big Data to the unstructured raw data obtained from
production and a large set of applications, which is considered to be less accurate. Participant (E2),
explains that for him Big Data is not the amount of data but rather the difficulty in understanding
what is in the data. Therefore, when the difficulty becomes high, he suggests the term Big Data.
Further, he characterizes Big Data as complex, ambiguous, unstructured data from multiple internal
and external sources.
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A2. Big Data Objective

According to Interviewee (A), the main objective of Big Data usage is to predict failure in
mechanical devices and observe their performance. Data is used to improve the projects and ensure
that parameters are set. Interviewee (A) highlights that the complexity of the objective determines
the required skill set and analytical tools, not the amount of data itself. However, Big Data is a vital
input to see if their own and their customers products function correctly. Further, he (A) illustrates
the above with an example that before 2008 these devices did not have any data aggregation, and
maintenance monitoring, especially the offshore, was costly. That acted as an incentive to add
sensors in the mechanical devices, in order to remote monitor, identify malfunctions and avoid
downtime. As a result, the company aims to develop a scalable software product by using data
aggregation.

Participant (B) explains that the most common objective of using Big Data is to gain a
greater understanding on how products and users behave, to be able to establish more accurate
recommendations for new concepts of services or products.

Interviewee (C) explains that Thales want to achieve internal and external security goals
from using Big Data. In many cases data is provided by other companies that have the need to
secure it. Therefore, Thales’ objective is to identify the potential and the need for data security, such
as open data in sensitive industries which needs to be protected. By doing so data can be
transformed into security products and solutions.

Interviewee (D1) explains that Big Data objectives are to provide insights to be able to
transition from the more traditional way of looking and approaching the problem. These insights
can translate into more personalized products and higher precision. Also, to develop new products
and solutions, which are more predictive, contextualized and automated. Further, the interviewee
(D1) emphasizes that Big Data objectives are to forge new value networks, and the impact of data is
restructuring core segments and networks.

According to participant (D2), Big Data is a way for organizations to uncover patterns that
are hidden, and use them for commercial or social reasons. In addition, (D2) believes that Big Data
are providing insights and assist in making prediction on several different markets and sectors,
despite the fact that prediction models are in their infancy. Finally, interviewee (D2) considers Big
Data as a tool of confirmation on assumptions and decisions that organizations were already
suspecting.

At Philips, Interviewee (E1) points out different Big Data objective due to the size of the
company. To extend products and services, ensure consumer satisfaction, and improve product
quality are determined to be Big Data objectives. Other objectives are connected to reduction of
cost and higher efficiency in production, as well as discovery of new markets through data.

Interviewee (E2), describes some objectives set for the usage of Big Data. Specifically, Big

Data is used for accurate prediction on sales, understand what qualities users value more and create

something tailored to it. Furthermore, participant (E2) adds that data can be used for discovering
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and developing new innovations. In order to achieve that, Big Data can support with information
acquisition and to discover trends. The results can suggest which products to create, what kind of
technologies will be available and what are the prime demands for users.

Participant (F) explains that Apollo Vredestein lacks a formal or established Big Data
objective at the moment. However, a general objective of having good products and bringing
development costs down, thus Big Data could be a useful tool to do so.

A3. Data Management

Participant (A) considers that all available data is useful if it is in any way connected to
identification of problems in the mechanical devices that the company’s software is monitoring
while other data is excluded. The sources of data are from sensors and maintenance logs containing
CMS (Content Management System) data, SCADA (Supervisory Control and Data Acquisition)
data, Oil pressure- and temperature data, and performance register data. Sensors send data
periodically in near real-time to a central fleet database where the company’s software is installed to
register the data, and evaluate its utility and quality. Interviewee (A) explains that problems which
arise are based on the nature of real data - where missing values and data have to be sorted with the
use of robust techniques and scripts to ensure data quality. The company’s data assessment starts
with a proof of concept, where relevant problem samples or historical data and logs are provided in
order to develop the solution of predictive analytics. Further, (A) argues that if Big Data projects are
provided with all kinds of data in hope that useful insight and value can be extracted from it, they
will most likely fail.

According to Interviewee (B), the usefulness of data depends on the analytic or business
objective. He (B) explains that data quality is established using complete and accurate data which
includes all variables and aspects relevant to the data mining objective. Besides from poor data
quality, wrong application of it or wrong processing of it (incorrect algorithms) will lead to wrong
insight and failure to extract value.

Interviewee (C), explains that Thales” main data acquisition source is their own machine-
generated data, primarily from sensors and radars. Further, Thales has access to external data in the
forms of open data, such as social media, and data from customers with a commercial value.
Regarding the quality of the data, participant (C) states that their own machine-generated data
possess a high quality, therefore they prioritize it over data from unreliable sources. Even if the
quality may be good, Thales” data experts perceive it as hon-good or unimportant if it derives from
untrusted sources.

According to Interview Participant (D1) at TNO, the gathering and usefulness of data needs
to be based on the objective and the purpose of the project. We need to consider if the data set is
suitable for the right questions to be answered. Also, the quality of the data can be sufficient but
not for the purpose the organization wants to use it for. Further, interviewee (D1) explains that the
quality of the data is connected to the limitation of data and the anticipated results. Participant (D1)
explains that Linked data allows to combine different data sets in an open format. Furthermore,
metadata can include information about the quality of the data set which is beneficial for the user to
access.
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Interviewee (D2), suggests that data collection should be a combination of data already
possessed and data you have not thought of in the past. Also, organizations should form agreements
and collect open external data from collaborators. Regarding to which data is considered useful, he
argues that there are two different schools of thought. The first school wants all the data they can
get, and the second school that requires only specific sets of targeted data that the organization is
seeking and knows how and where to apply them. Further, (D2) argues that the quality of the data
depends on the purpose of usage and the requirements. Furthermore, he believes that there are three
kinds of useful data, production data, data influencing the development process, and additional
undiscovered data that no one thought they would an effect or value.

Interviewee (E1) explains that Philips does not have a common approach on how to capture
and collect data. He (E1) describes that production data, external data, and to some extent “usage”
data from their products is being utilized. Privacy laws are causing difficulties for data aggregation
from the field/device data, such data is considered as highly useful and valuable for Philips
according to Interviewee (E1). Philips use a wide set of tools to analyze and assess data, which tools
are used depends on the purpose and objective of the project. According to Interviewee (E1), there
is a need of good quality data and trained staff to process and understand it. Participant (E1)
emphasizes that regardless of purpose, the organization dealing with Big Data needs to hold an
understanding of the acquired data, its background and the objective, to be able to successfully
interpret it and make use of it.

According to interview participant (E2), there are both internal and external sources of
acquiring data. The primary sources are the own product-generated data internally or externally, and
public data, such as social media data. In addition, brokering data occurs but selectively. Further, he
describes that it is important to anonymize the data and comply with the company’s values and with
the privacy regulations. Therefore, data which violates privacy and regulations or is unreliable is
reject or deleted. Regarding data quality, interviewee (E2) claims that a way to determine the
reliability of a data source is by the accuracy of past data-based predictions. Finally, using sufficient
correlation in the production enables the ability to find significant additions to quality and improve
accuracy.

Interviewee (F) at Apollo Vredestein argue that collecting data they can learn how their
products are being used and store such data in a systematic way to create valuable relations. He (F)
explains that collecting manufacturing data the company is able to link input parameter data to the
output. Technological advancements have further enabled potential, such as having sensors in tyres
to receive historical data which is seen as an access to a big source to understand the product better
and enhance product development. When it comes to other types of data such as sales data, he (F)
explains that the tyre industry is a closed and small environment which makes it difficult to collect
Big Data to combine. However, there lies a lot of potential of accessing and combining data with
other industries that are related to the own product.

Participant (F) explains that there is no clear approach at Apollo VVredestein on ensuring data
quality. Assessment is often made after the initial relations are made by removing errors or false
datasets to make relations more reliable. He (F) specifies that verifying quality in the product

81



development process is easier since the data is cleaner than in production or manufacturing. Often it
IS one user that requests certain tests and verifies a specification in a loop which ensures quality.

A4. Organizational Setup

According to participant (A), the Big Data trend has increased top management’s awareness of the
potential value that data can bring into business development and operations. Companies have large
volumes of data but it is scattered around multiple departments and databases, consequently killing
data applications. Combining data can create a lot of promising applications. However, many
companies do not have a central data warehouse or a fleet database to merge data, which would
make it easier to work with data, combine the data and perform quality controls. Further, participant
(A) mentions that with so much data available, everyone should have skills in data analysis to some
extent, since decisions-making should be based on information. Therefore, it is important that
everyone has access to data and not just the IT department. Successful companies, centralize the
data location, and provide full and fast accessibility in order to have more informed decisions in all
levels of the organizations.

Interviewee (B) argues that collecting and sharing of data needs to be promoted, therefore
the organizational setup has to be structured for the purpose of enabling such features. Single
departments should have access to most data to establish a higher data-driven culture. The founder
of Dataflog (B) further explains that successful organizations designate and have a Chief Data
Officer (CDO), acting as a bridge between business executives and data technology. The senior
management’s involvement is critical since for being successful, Big Data incentives have to take a
top-down approach.

Interview participant (C) argues that Big Data has resulted in big organizational changes.
The modern setting is not only to develop products or solutions for selling and maintaining them,
there is a greater need for having an application of the product or solution and its technology. She
reasons that Big Data impacts the organizations by putting higher importance on offering
consultancy services together with the products. To implement Big Data it requires the right people,
right methods, and right culture. Further, she explains that top management’s involvement in Thales
is important and evident for the implementation. Leading actions towards usage of data in cyber
environments (e.g. 24/7 monitoring center) are boosted by the top management so that Thales can
proactively advise on threats and offer products and solutions.

Interviewee (D1) explains that globalized platforms should be connected with decentralized
problems and areas. He (D1) further argues that Big Data technologies are becoming more
democratized. The organization has to encourage accessible data by using visualization techniques
and sandbox environments so that non-data staff (individuals without data expertise) can be allowed
to work with the data. Participant (D1) reasons that people with domain expertise have to be able to
ask questions that can be answered with data, and understand how to bridge that gap.

According to participant (D2), organizations should compose a structure of flexible teams

with the ability to test data, experiment with data, and validate data. He (D2), further argues that
teams with some autonomy that are allowed to break some process regulations or even fail, have the
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potential to deliver useful results. Finally, (D2) suggests that data scientists and business managers
should change their thinking focus on common goals and achievements.

Participant (E1) at Philips describes that Market Intelligence units analyze data from the
field to capture trends and feelings which will be considered throughout NPD. Further, every
department within the organization have specific setups for using Big Data. Interviewee (E1) cannot
see any large and formal initiatives or development of functions to promote Big Data usage within
Philips. However, there are huge efforts in terms of Digital Connectivity within Philips. Those
initiatives are to make sure that the data flow from Philips to outside world and back is being done
properly and in a good use. Interviewee (E1) further explain that Philips is adding an important
element to the Architectural Function (architect composing and decomposing the product into its
functions), which is to get Big Data from the field and translate it into certain product requirements.

Participant (E2), believes that in order to organize Big Data, organizations should have a
core entity managing data from sales and the market. Thus, it is important to install a department
focusing on Big Data. Additional, in order to manage research and innovation it is necessary to have
new approaches with data. Teams with application knowledge that are focusing on certain markets
and collect specific data, are effective and should be promoted. Finally, data scientists and experts
should be spread all over the organization, in order to enable competencies.

Interview participant (F) explains that there is no general setup implemented to manage Big
Data, and no fleet of data scientist working with Big Data. The company’s data initiatives are solely
based on a project basis with different objectives. However, the company has established
electronics groups (to establish automated analysis systems) that have experience with Big Data and
will support and implement the usage of Big Data analytics within Apollo Vredestein.

A5. New Product Development Structure

Interviewee (A) points out that they are not using an enterprise or textbook model at the basis of
how to approach the New Product Development. He stretches the importance of being lean in the
NPD process, since any advanced models will delay and set them back. Therefore, they need to
prioritize rigorously by using simple tools. He describes their process as early staged, with customer
validation, Kaizen method as well as using revision control and other project management tools.
Interviewee (A), further explains that their NPD process is to first develop the basic features, shift
the product as early as possible to the customer for validation, to receive feedback.

Participant (B) has pointed out some tools and methods to stimulate the New Product
Development process. First, he described how a simulation analysis can strengthen concepts and
features, as well as how it acts as an incentive to determine what you are looking for. He (B) also
mentioned that ideas are generated from customer perspectives, and by market research and
behavior analysis.

Participant (C), describes Thales” NPD structure by referring to two applied models,
depending on the type of product. Some business segments require a strict Stage-Gate model,
testing and validating through Go/No-Go criteria. However, the Stage-Gate model is not used for all
innovations, the needed flexibility for other products and solutions leads to the adoption of the

83



Lean-Startup model. Security-related development process requires to be flexible since continuous
adjustments need to be allowed throughout the process. Furthermore, disruptive systems are needed
in NPD for discovering and entering new markets and value networks. She argues that NPD for the
market is about listening to the market, while for technology it is stricter. Borders of the NPD are
becoming vague with the open innovation approach. Interviewee (C) describes Thales” FFE phase
as a concept bank, where ideas from internal and external sources, market analysis and objectives
from groups are seen as feeding streams. In addition, FFE activities can be initiated both from a
bottom-up approach (organic growth), where a group of individuals generates and defines a concept
to build on, and from a top-down approach, with more directives for certain accomplishments which
can be further supported by M&As. She explains that all developments have to in some way
contribute to Thales, being financial, brand or image contributions.

Interviewee (D1) reasons that data-driven NPD is not very different in structure from other
traditional NPD. However, the NPD needs to have an iterative approach especially for novelty. He
(D1) explains that a lot of core data technologies (sensors, clouds etc.) intersect with vertical
products and demands. Companies are starting to bend horizontal technologies into vertical
solutions. Participant (D1) explains that the alternative to development, especially in data-driven
innovation, is acquisitions of start-ups and solutions. This is due to the fact that companies notice
that the landscape is changing but do not possess right capabilities on their own to adapt.

Participant (D2), explains that the New Product Development life-cycles involve a funneling
approach. Several ideas are filtered through a stage-gate process, and details are added
progressively to products. Additionally, (D2) adds that data-driven innovation and Big Data
application development aren’t that different from traditional NPD processes in in their structure.
He (D2), observes some common characteristics between the data-driven approach, the startup
approach (market release as soon as possible), and also the open innovation approach.

Interviewee (E1) describes the NPD process in Philips as a Stage-Gate model process - with
the initial phase (proof of assumptions), reference architecture phase (creation of design), and
realization phase (launch to market). In the initial phase, a team, which its size depends on the scale
of the project, develops a concept or solution to test in the market (product, service or
combinations). Interviewee (E1) describes that the initial phase is incorporating a lot of theory and
consumer group testing, to observe if targeted consumers are enthusiastic and notify the concept
proposal. Another important part of the NPD is technical feasibility - to prove that the technical
solutions are sufficient for mass production. He (E1) points out that the structure of the FFE varies
based on the type and size of the product. Bigger projects and products receive more resources.
However, the mechanism and principal is always the same, there is an assumption or an idea that
will be validated. Validation involves experts and experienced individuals within different aspects
of the product area. According to Participant (E1), after validation the team tries to implement and
see if they can control the cost. Depending on the product it can take from 6 months to 3 years (e.g.
large imaging systems) before the concept proposal is validated and forwarded to a reference
architecture (key point of formal development). Interviewee (E1) states that during the formal
development Philips have access to a lot of tools to analyze and assess the product, however, the
difficulty is to understand what specific tools are used for what specific problem. He (E1) points out
that is often what Philips struggles with.
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Interviewee (E2), explains that the initiative towards structuring the NPD process includes
the introduction of the Lean Startup method, in applicable situations. He describes the first stage
(research) as liberal compared to the other stages, and researchers are encouraged to perform
experiments. Additionally, interviewee (E2) describes the research stage as mostly exploratory, the
next phase has as a goal to prove the principle, and to move even further it is required to prove the
semi-product. Every innovation has to go through a funnel, some fast and some slower. Participant
(E2) concludes by adding that the management team is supportive towards product champions, as
long as they have the skills and competencies to be a part of the projects.

At Apollo Vredestein, participant (F) describes the product development process as a
feedback loop which evaluates how the product is perceived and used based on acquired user
feedback. Also, there is a formal Stage-Gate process for developing new products with typically a 2
year development cycle. Further, there are different groups in the process (concept group for
generating new ideas, platform group that evaluates concepts, and product development group
which is working out the details based on the platform) meaning that the end-products are
derivatives of a platform which is built up of building blocks of concepts.

A6. Big Data in New Product Development

According to participant (A), Big Data is an important component since their product development
is dependent on data. He (A) argues that companies need to begin at the end by first identifying the
problem and evaluating if the problem is worth solving, otherwise there is a risk of committing
resources, and creating technology for extraneous matters. By starting from the back - first,
identifying and defining the problem - it is possible to forecast the value and usefulness of solving
the specific problem, and subsequently test if valuable predictions can be made by using Big Data.
Further, he (A) explains that organizations need to have a strategy on how to use the predictions,
otherwise it is pointless to engage in such. Participant (A), explains that the data input which goes
into to the software is constantly changing, so there is a steady need to tweak adjust their software.
He (A) explains, as more data is made available and accessed - the company can perform R&D on
larger datasets to develop the user-interface, evaluate and improve the software algorithm.
Therefore, the product development and its functionality is dependent on Big Data.

Interviewee (B) states that Big Data can be used in every phase of the NPD process but each
case or purpose would require a different approach. He argues that the utilization level of using Big
Data in the NPD process, is directly affected by how data-driven the company is. Types of data
further determine which technologies to use in order to cover the needs and achieve the specific
goals. Finally, participant (B) argues that central data is more used in the formal product
development phase rather than the rest.

According to participant (C), Thales is successful in utilizing and managing Big Data for its
core markets. However, she explains that they face challenges in Big Data utilization for NPD
directed towards new and emerging markets, where Thales is not yet successful.

According to interviewee (D1), Big Data has so far been more used for enhancing products
and saving money than NPD. However, he (D1) argues when the data is part of the product you get
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different dynamics of using Big Data in R&D and product development. Product connectivity
enables data feedback loops, which in turn improve product design, product development and
maintenance. Moreover, interview participant (D1) at TNO claims that products without Big Data
elements can still use Big Data to enable innovation processes.

Regarding the use of Big Data in the NPD process, participant (D2) argues that this fusion
can improve efficiency and effectiveness for existing products. Furthermore, for using Big Data in
the NPD process, it requires a process of discovering what the best way to achieve that
implementation is. He (D2) adds that providing the R&D department with Big Data from multiple
sources can lead to innovation discoveries. An important utilization arises from building-in
feedback mechanisms for late-stage product development. (D2) concludes that Big Data is more
valuable for technical applications rather than consumer applications, and believes that Big Data is
great in theory but less impressive in real practice examples.

Participant (E1) explains that works with Big Data to identify a new need or new set of
clients for the existing market or a totally new market. Further, Big Data is used to track activity
and other elements within their product, such as items and infrastructure with internet connectivity
and energy optimization. Gathering right data allows Philips to optimize products and development.
Interviewee (E1) states that Big Data usage in the NPD is not being done on a large scale, and that
the organization is still exploring the application of it.

According to interviewee (E2), data are utilized in research and FFE in order to generate
new ideas and be introduced in the market. He explains that market data has been used for a long
time, but connected data products that generate data and the process of exploiting that data is new.
Big Data consists just one element of the factors that can affect the NPD, therefore the process will
change a bit but in essence remain the same.

Participant (F) describes that analytics of large datasets are mostly utilized in the
manufacturing or production phase. A lot of concepts will be in electronic parts and Big Data can
set up the structure, especially if the concept is a data generating step. For that reason, Big Data is
seen as a tool for analysis for many different projects and serve decision making in the product
development process.

A7. Big Data Benefits

Interviewee (A), explains that a benefit from the Big Data trend is that top management is more
informed of data potential. It is now seen as a resource to create value, and the top management
pays attention to opportunities that have actually been existent for a long time. Data projects have
now the support and interest from top management, which enables them to be carried out in the fear
of missing out on value. He (A) regards data as the core feature to make predictions and improve
the product in several occasions, which it would be impossible without their usage. Furthermore, he
(A) adds that the usage of Big Data in the NPD process is a valuable tool to re-invent business
models and exploit business opportunities.

Participant (B) acknowledges that the benefits of Big Data depend of the type of company
and industry. However, general Big Data benefits in NPD are in the form of reduced time-to-market
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(TTM), and being able to better adapt ideas, concepts and products on behavior to better fit with the
demand. Interview participant (C) argues that the main benefit of Big Data is reflecting the creation
of new markets so that Thales’ can continuously develop products.

Enhanced market research and precise targeting of consumers are mentioned to be Big Data
benefits by the interviewee (D1). Cost efficiency and targeting new partnerships are other benefits
of using Big Data. Furthermore, Big Data can result in new products and improve the value chain
with new insights. Finally, participant (D1) argues that Big Data allows for strategic positioning in
the new emerging value eco-system.

Interviewee (D2) suggests that Big Data can significantly improve effectiveness and
efficiency of producing and improving existing products. Further, participant (D2) suggested
potential benefits from three different data approaches. The first approach, is the predictive
approach which is helpful for new insights such as market trends. The second approach, involves
prescriptive analytics and the ability to enhance the decision-making process, while the last
approach is examining the validity of decisions and actions through descriptive analytics.

According to interviewee (E1), the company can enable cost reductions and efficiency with
implementing Big Data. Further, right data allows for exploring new opportunities in their existing
markets or entering new markets. The interview participant (E1) argues further that access and use
of Big Data can boost not only internal factors but also make an impact and difference in society
(smart city).

Participant (E2) explains that Big Data can enable the organization’s insights in a digital
form through user tests, and provide better understanding of what customers’ feelings and needs
are. Also, utilizing the potential of data can assist with the identification of what the organization
should target. The value is in the strength of the ability to utilize it.

According to interviewee (F), Big Data has a lot of potential for products or development
that can be easily tested in different circumstances. However, such potential is enabled only in the
bigger context, if you can generate enough data.

A8. Managerial Challenges of using Big Data in the NPD process

One of the main concerns of participant (A) with regards to managerial challenges, underlies in the
capability and perception of the organization to acquire necessary human resources, technologies or
tools for Big Data. He (A) points out that the speed and volume of Big Data can be addressed by
scaling up the technology, and being smarter on how to use the data and the analytic tools. Mistakes
in Big Data projects are connected to the approach that companies will find value in the data,
despite the fact that they do not understand the specific business case. Many projects will fail
because organizations do not know how to use great data discoveries and turn them into monetary
value. Another significant obstacle that many organizations face is the culture. He (A) explains that
companies are organized around the human resources which possess various skills and expertise,
but suddenly they deal with a lot of data that requires new skills and data understanding to receive
their input. In order to get value from data, companies need to adjust their processes. It could be in
the form of changing business models or changing the maintenance processes. Big Data experts
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need to be proactive and act like active consultants, due to the fact that management does not know
how to implement the data and generate value from it. Managerial challenges of using Big Data also
occur with regards to organizational cultures not being data-driven, and that the domain experts are
too skeptical. Interviewee (A) further explains that every organization has unique problems, for the
sake of his own company the challenges are in the form of cold start problems - not having enough
data, since the product is dependent on the access to it.

Interviewee (B) points out that managerial challenges of using Big Data in the NPD are
most often connected to the corporate culture and processes. Employees are reluctant to change and
it translates into an obstacle since Big Data implementation is a long and on-going process. He (B)
mentions that acquiring right expertise is a challenge. In the future, it will be an even bigger
challenge due to the fact of the shortage of talent in the field. Interviewee (B) emphasizes the
challenge of internal competition, where departments are not willing to share their data which in
turn disables data combination and value-creation. Therefore, the managerial challenge lies in
solving how to integrate data from silos and isolated departments into centralized systems.

The interviewee (C) specifies that challenges are now-a-days not only connected with Big
Data but also Internet of Things (loT) and the Cyberspace. She clarifies that challenges are
becoming more complex, and being able to have a clear overview of decisions and impacts is more
difficult. Such complexity further challenges decision-making processes. According to interviewee
(©), for organizations to succeed, derive great value from Big Data and be upfront, they need to take
more chances and expose themselves to risks. Furthermore, she argues that there are scarce human
resources for Big Data objectives (e.g. data scientists). Another challenge connected to Big Data
that is mentioned by interviewee (C) is concerning the usage of intangible assets (IPR) and Big
Data.

According to interviewee (D1), scaling up new ideas is a challenge due to legacy systems.
The changes that need to be made require organizational resources, capabilities and agility. Another
major challenge for organizations to overcome is data ownership, interoperability issues, trust and
privacy. Those need to be addressed to be able to share and connect data with internal and external
actors.

Interviewee (D2), states that a main challenge of Big Data implementation in the NPD
process, is what he calls the cultural clash, the inability of data experts and managers to understand
the common goals. In addition, he believes that the top management should possess a basic
knowledge of data technology as well as process and applications. Finally, an important enabler of
Big Data implementation is the acquisition of the necessary resources, in the form of data scientists,
data sources and technology.

Participant (E1) states that Big Data is a relatively new concept for Philips, he sees a lot of
potential and thinks that more tools and techniques should be used than the analytic tools used in
the past. Further, (E1) believes that it will be challenging to find the efficient methods for decision-
making and to draw the correct conclusions. Finally, he urges the management team to take action
in the matter of legislation, and compared the new rules that should be adopted with the legislation
which allows Google to operate with Big Data.

88



Participant (E2) claims that getting the right data is the biggest challenge, since often the
data is no yet there and you have to generate it. Furthermore, it is vital to have an interactive
attitude and culture that the people are knowledgeable about the application and can interact well
with these engineers and data scientists. Therefore, acquiring the right people as well as ensuring
that they possess the right soft skills to go across their border and competencies field, is an
important organizational challenge to address. Finally, interviewee (E2) suggests that the
organization should create accessible and open information sources, in order to assist the work of
human resources.

Interviewee (F) argues that an obstacle is to have sufficient amount of clean data which is
rightly organized. Apollo Vredestein is still at a stage where they explore how to organize and
evaluate the data, as well as investigate what can be done with it. There is a lot of potential of usage
in plants but at the same time it is time and resource consuming to clean out the databases to
measure more relevant data and do perform the right analysis in a systematic way. Another
challenge according to participant (F) is the access of data from the eco-system of suppliers and
users. From a top managerial perspective there needs to be an allocation of resources and a clear
vision to implement the Big Data correctly into processes. Lastly, challenges that have to be
addressed are cultural in nature. People need to work according to set procedures. However, the
acceptance of people to use it and change already established procedures and tools is an obstacle,
especially when you produce physical products with more conservative employees.

A9. Key Success Factors

According to interviewee (A), there are a lot of organizations that use bad technology and bad
statistics. However, the technology that is being used is not the biggest success criteria. He (A)
explains that key success factors for organizing for Big Data is: project management, experience
using data in different projects, building and understanding the business case, as well as criteria that
will makes any project successful are also key factors in Big Data projects. Interviewee (A) argues
that data-driven culture, processes and project management is more important than the applied
technology, since critical problems of using Big Data mostly occur within these domains. In
addition, he (A) highlights that the organization needs to find a connection with business people and
data people to be successful. Further, interviewee (A) specifies that the opportunity is in combining
data, however, a success criteria is to develop a business case first, and then spot what the data is
and test if you can use it for the specific case. Interviewee (A) summarizes that good quality data
which is centralized and accessible, together with a developed business case within the organization
and a culture that is data-driven are important success criteria of creating value from Big Data.

Participant (B) explains that one of the most important factors to succeed, is to have a
centralized data source which will be easily accessed by all employees in the organization, hence
enable them to combine the data. Further, he believes that this source should be expanded with
more external data in order to increase insight and enable data experiments. Another important
aspect of utilizing Big Data in the near future, is having specialized staff. Specifically, he (B) argues
that there will be a shortage of human resources and that organizations should start training their
current staff to be more Big Data oriented, since hiring the right expertise will be more costly.
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Finally, interviewee (B) explains that that culture should be shaped in such a manner that data is
involved in every process within the organization.

To succeed with implementation and organizing for Big Data in NPD, interviewee (C) states
that a key success factor is to have multidisciplinary teams of specialists. Further, have engineers
(which are generalists) that can oversee the entire scope, meaning that they oversee and understand
operational, tactical, and political aspects of using Big Data for NPD. She argues that for companies
to be successful they need to understand that handling of data has both direct and indirect
influences. Lastly, she explains that the focus should not be on only handling data, but also to
oversee all stakeholders and their interests in the data.

According to interviewee (D1) at TNO, having a clear Big Data objective and strategy is
essential to successfully organize for Big Data. Further, having access to the data by cooperating
with different stakeholders with shared ambitions and goals to enable sharing of data is a key
element. Interviewee (D1) emphasizes the importance of speed and hyper-connectivity.

Participant (D2) considers the acceptance and adoption by the users, the people working
with the outcomes of the Big Data analysis for the NPD, as an important factor of successfully
implementing Big Data in the NPD process. He (D2), further believes that in order for Big Data
technologies to be accepted, it is vital to construct the conditions and the right framing at the right
time. Finally, it is important that people develop a mental model for accepting data innovation and
analysis, and push towards privacy laws that allows Big Data innovation.

Interviewee (E1), points out the key factors for Philips to implement Big Data successfully.
He (E1) argues that the staff needs to be properly trained and understand the data being offered as
well as what technical and business actions they should perform to achieve the goals. Furthermore,
it is crucial to analyze and draw conclusions as fast as possible and take advantage of the
information extracted. As a final factor, (E1) refers to the need for a legislation change that will
allow the proper use of Big Data which will benefit everyone, both Philips and the consumers.

Interviewee (E2) identified as an important factor the ability to obtain the right data and run
sufficient data tests with them. Further, culture should promote openness to experiments and
exploration of new things, but also promote a sense of urgency. Therefore, the importance underlies
in having the right data science competencies in order to be able to build the first proof point early.

According to participant (F), a success factor is to prove a success story and have early
adopters in the development team. There needs to take little time to do the proper analysis, which
translates into the factor of having a good database with reliable connections to the data. Another
important factor is to acquire sufficient resources, i.e. human- and technological resources. Lastly,
participant (F) stretches the key factor of identifying if the Big Data approach is suitable for the
problem the organization wants to solve.

90



Appendix B. Big Data enabling technologies and tools

Big Data in the Cloud

Most, if not all, of the Big Data technologies are
completely connected with the cloud or operate with
cloud versions. Stored Hadoop clusters are provided by
several cloud services according to the customer need.
Cloud technologies are enhancing Big Data with a
significant value, since they support a rapid analysis in
exchange for a relatively small cost. These two enablers,
act as incentives for organizations to obtain more data
and to seek for an augmented processing power and so
on.

NoSQL Databases

Databases focusing on the storage and retrieval of high
volumes of data. Their success underlies on bending the
restrictions of conventional databases and result in
scalability.

MapReduce

It is a programming paradigm based on two tasks, the
“Map” task and the “Reduce” task. The first task is
transformed into a different set value pairs or tuples,
while the second task combines output of the “Map” task
to create a reduced set of tuples. It enables job execution
scalability against a large amount of servers.

Storage Technologies

The rapid technological advancement in the volume of
data, requires efficient storage capabilities. The progress
in this sector is mostly focused on data compression and
storage virtualization.

Column-oriented databases

They store data on columns rather than rows, resulting to
a rapid process and data compression. Limited by batch
updates and a time-consuming update.

Hive

Originally developed by Facebook, Hive acts as an
“SQL-like” link that enables Business Intelligence
applications to run queries against a Hadoop cluster as if
they were manipulating a traditional data store, and also
enhance the effectiveness of Hadoop.

PIG

Acts as a link between for Hadoop to connect developer
and business user realities. The difference from Hive
underlies to the fact that PIG is not using an “SQL-like”
language and enables query execution over Hadoop
cluster data. Open-source, originally developed by
Yahoo!.

WibiData

WibiData is a merger of web analytics and Hadoop, built
on top of HBase, and itself a database surface on top of
Hadoop. It focuses on real-time applications,
personalization and recommendations to users.

PLATFORA

Hadoop’s biggest limitation due to the low-level
implementation of MapReduce. It demands a deep
developer knowledge to be managed, it is time-
consuming, and it transforms queries into Hadoop jobs.

SkyTree

SkyTree is a Big Data-focused platform, characterized
by a high effectiveness on machine learning and data
analytics. Machine learning has a significant role, since
manual processing of the large amount of data is either
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too expensive or impaossible.

Appendix C. Interview Guide

Company & Business Background

e What is your position within the company?

e How is your role related to Big Data and/or Business Development? [Business Intelligence,
Business Analytics, Innovation Management]

Big Data Understanding
e How would you define Big Data?
e How does your company engage in Big Data: capture and collect data?
e How does your company manage the data and verify its quality?
e What is your company’s Big Data/ data mining objective?
e What types of data is considered useful?
e How do you select and assess the potential value of data?
e What are the success criteria for using Big Data?
e What is the organizational setup for managing of Big Data? [Unit Structure, Responsibility]

New Product Development
e Can you describe your company’s process for New Product Development?
e How do you structure/manage the Pre-development/Front End of the Process, e.g.

O Idea generation - idea selection - opportunity analysis - opportunity analysis -
concept definition - concept selection
e What tools do you use to evaluate and analyze your projects throughout the development?

Big Data & New Product Development
e How does your company make use/implement Big Data in the NPD process?

o or, what function does Big Data have throughout the NPD process?
e In which phase is Big Data used? [map the Big Data usage across the entire NPD process
with pre-development and launch]
e What Benefits/potential have you noticed of using Big Data in your NPD process?
e How would you rate your company’s utilization of Big Data in New Product Development?

o Successful: Can you quantify some of the results?

© Unsuccessful: Can you identify the reasons?
e Do you have/had any actions planned to improve the management support towards Big Data
implementation in the NPD process?
e \What managerial challenges have occurred/exist connected with the usage of Big Data in the
NPD process?
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©  Top management’s involvement
© Cross-functional collaboration

© Resources and Capabilities
e Are there any key success factors of using Big Data in the NPD process?

© Organizational
o Structural

Recommendations & Future Research

e Can you provide us with internal or external contacts for the purposes of this research?
e Do you wish to add anything else to our research?
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