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ABSTRACT

Successful product innovation is a crucial element for companies to stay competitive.
Nevertheless, 50-90% of new product development initiatives fail. One of the reasons
is the lack of accurate information that decisions are based on during the new
product development process. This study investigates by means of a systematic
literature review the variety of data and data analytics that can be applied as well as
the decisions that can be driven by data during the product innovation process. The
results suggest that there are various opportunities for applying data-driven decision
making during the product innovation process. Nevertheless, the results indicate that
there is untapped potential of using unstructured data as well as applying prescriptive
analytics during the product innovation process. However, the results point out that
this topic still needs to be further researched, especially in the field of data-driven
development and testing.
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1. INTRODUCTION

1.1 Problem Statement

Due to an ever-changing environment innovation has become
crucial for the survival of companies (Dereli, 2015). Through
innovation, companies keep their customers satisfied, gain a
competitive advantage, and increase market share. In the German
automobile industry in 2018, 12.8% of industry revenue was
generated by new product innovations and 35.8% by imitation
innovations (Statista, 2020). Consequently, innovation can be
considered a key resource to generate revenue. Nevertheless,
according to Heidenreich and Spieth (2013) about 50 to 90 % of
product innovation projects fail due to a lack of accurate
information. Because of that decision making during the
innovation process is related to a high level of uncertainty.

According to Waller and Fawcett (2013) big data provides the
opportunity to revolutionize decision making by making it data
driven. Data-driven decision making is understood as basing
decisions on the insights gained from data rather than on intuition
(Provost & Fawcett, 2013). A study found out that “companies
in the top third of their industry in the use of data-driven decision
making were, on average, 5% more productive and 6% more
profitable than their competitors” (McAfee and Brynjolfsson,
2012, p. 6).

Even though the potential benefits of leveraging big data for
decision making during the product innovation process are
significant, research has not yet provided a comprehensive
systematic literature review on data-driven decision making
during the product innovation process.

1.2 Research Objectives & Question

The goal of this research is to present how data can drive decision
making during the product innovation process. The outcome of
this research will be an overview of the current literature about
business analytics that can be applied to decisions made during
the new product development process. Thereby, a focus is set on
the variety of data and the type of analytics that can be applied.
During this research, the following research question will be
answered:

How can (big) data drive decision making during the product
innovation process?

To answer this question the following sub-questions have been
formulated:

- Which product innovation decisions can be driven by
data?

- Which variety of data can be used to drive product
innovation decisions?

- What kind of analytics can be used to drive product
innovation decisions?

1.3 Research Relevance

1.3.1 Academical Relevance

This research aims to present current literature about (big) data
and (big) data analytics, and the application to product
innovation decisions. Thereby, it aims to identify current gaps in
literature.

1.3.2 Practical Relevance

This research aims to provide examples for companies on how
(big) data can be applied in the context of product innovation. It
intends to serve as an orientation for companies by providing
insights on potential (big) data sources and (big) data analytics

that can be used during the product innovation process to drive
decision making.

1.4 Outline of the Paper

The following paper is structured into seven main sections.
Section 2 theoretical background elaborates on literature related
to the fields of innovation and data to provide the reader with a
broad understanding of these topics. Section 3 research
methodology explains the applied research methods in this study.
Section 4 results elaborates on the literature selection process and
analyses the selected literature. Section 5 discussion reviews the
literature results while section 6 conclusion concludes this study.
Section 7 refers to limitations as well as possible future research
topics.

2. THEORETICAL BACKGROUND
2.1 Innovation

The word “innovation” comes from the Latin word novus which
can be translated to “new” (Gopalakrishnan, 1994). In the
organizational context an innovation can be a new product, a new
process of production, a new material in an existing product, a
new workflow, or a new method (Kline, 2010).

Innovation literature commonly emphasizes the difference
between an invention and an innovation. While an invention is
the first discovery of an idea for a new product or process,
innovation is the first application of an invention in practice
(Fagerberg, 2006). Fagerberg claims that “to be able to turn an
invention into an innovation, a firm normally needs to combine
several different types of knowledge, capabilities, skills, and
resources” (Fagerberg, 2006, p.4). Paul Trott claims that
innovation needs to be viewed as a process that needs to be
managed rather than as solely the outcome of a process (Trott,
2012). Therefore, he defines innovation as “the management of
all activities involved in the process of idea generation,
technology development, manufacturing, and marketing of a new
(or improved) product or manufacturing process” (Trott, 2012,
p.15). Within an organization there are various kind of
innovations such as product, process, or business model
innovation. This research will focus on product innovation.

2.1.1 Product Innovation

Paul Trott defines product innovation as the development of a
new or improved product (Trott, 2012). An enhanced product is
referred to as a product innovation if the product’s characteristics
or intended uses are enhanced. This comprises significant
enhancements in technical product specifications or functional
product characteristics (Anderson, 2014). The output of a
product innovation can be a good or a service (Schilling, 2019).
Due to significant differences in product characteristics of goods
and services such as intangibility, heterogeneity, perishability,
and consumption (Trott, 2012) extant literature differentiates
between the development process of a good and the development
process of a service. This research will focus on the development
process of goods. In the following the terms product and good
are used interchangeably.

2.1.2 The Process of Product Innovation

The development process of a product can be described as “the
process of transforming business opportunities into tangible
products” (Trott, 2012, p. 418). A widely used approach to
describe the new product development process of products is the
“stage-gate-process” from Cooper that has been published for the
first time in 1988. The typical stage-gate process divides new
product development into five stages and five gates starting with
the discovery of opportunities for product innovations and
ending with the post-launch review of the innovation (Cooper,
1988).



The discovery stage, also called ideation, is focused on the
discovery of new market opportunities and therefore, the rough
development of ideas for innovative products. The Scoping or
Concept stage sharpens the product concept and develops
specific product requirements and designs. The Business Case
stage deals amongst others with the financial and profitability
analysis of the product. The Development stage develops the
prototype of the new product while the Testing stage tests the
prototype and validates it against customer requirements. The
Launch stage is focused on bringing the new product to the
market (Cooper, 1988).

For a product to move to the next stage in the development
process it needs to pass the associated gate. Each gate refers to
specific deliverables that the innovation team needs to provide as
well as criteria that a product needs to fulfill, otherwise the
innovation project might either be put on hold or cancelled
completely (Cooper, 1988). The idea is to recognize already at
an early stage if an innovation initiative is likely to fail to be able
to cancel the project early and therefore, safe time, resources, and
costs. Up until now, Cooper has developed updated models of the
stage-gate-process that incorporate new emerging working
methods such as agile development (Cooper & Sommer, 2018).
Moreover, in 2008 he represented three variations of the stage-
gate-process according to the nature of the new product projects:
Stage-Gate (Full), Stage-Gate (Xpress), and Stage-Gate (Lite)
(Cooper, 2008).

Next to the stage-gate process, extant literature provides various
models and concepts for new product development. The models
are supposed to serve as guidelines for companies during the
innovation process. They differentiate themselves by focusing on
diverse aspects of the process or representing other viewpoints.
Further NPD models include, but are not limited to market-pull
or technology push-model (focused on the driver of innovation),
network-model  (focused on the knowledge creation),
departmental-model (focused on the departments involved) or
activity-model (focused on the innovation activities) (Trott,
2012).

Since the stage-gate process has been published first it received
criticism from multiple authors. Amongst others, authors
criticized that the process is a rigid and linear process that
companies are following step by step. They describe it as
inflexible, non-adaptable and outdated (Cooper, 2008).
However, in his paper from 2008 Cooper reacts to these authors
and explains that the stage-gate process has evolved over the
years. He refers to the process as a map that guides the way rather
than a lock-step process that strictly needs to be followed
(Cooper, 2008). Cooper (2008) emphasizes that companies need
to tailor the process according to their requirements which can
also mean skipping stages or rearranging the order of them.
Furthermore, he points out that even though the process is
visualized linear, activities can take place parallel as well as
stages can overlap and iterate (Cooper, 2008).

Even though many new processes and tools have been developed
to describe and guide the product innovation process the stage-
gate process seems to be the most dominant and resilient system
in the literature. Therefore, this thesis focuses on the stage-gate
model as an innovation process model.

2.1.2.1 Decisions During the Innovation Process

Even though the innovation processes might vary between
companies as well as within a company over time, the decisions
that need to be made during the innovation process of products
are usually focused on similar issues (Krishnan & Ulrich, 2001).
Krishnan and Ulrich (2001) conducted a literature review on
product and project related decisions during the innovation

process and identified dominant decisions reoccurring in
literature.

Krishnan and Ulrich (2001) differentiate between two categories
of decisions. The first category includes decisions that are
associated with the actual development of the product and the
second category refers to decisions related to the planning of the
development project.

The first category can further be divided into five areas:

1. Concept development

2. Supply chain design

3. Product design

4. Performance testing and validation
5. Production ramp-up and launch

Concept development decisions refer to decisions that determine
product requirements and the product’s basic physical design.
Supply chain decisions refer to decisions about the acquisition
and the flows of materials, the purchase of services and
intellectual property from third parties, the selection of suppliers
as well as the general design of a production and distribution
system. Product design decisions refer to decisions that
determine design parameters of the entire product as well as the
components of its assembly. Performance testing and validation
decisions refer to decisions about how to prototype the product
to test it. Product launch and production ramp-up decisions refer
to decisions about test marketing and the introduction of the
product into a new market (Krishnan & Ulrich, 2001).

The second category, project development decisions, can be
further divided into three areas:

1. Product strategy planning
2. Product development organization
3. Project management

Product strategy and planning decisions refer to decisions that set
the strategic direction for the development project to ensure
alignment with the strategy of the company, i.e. the decision
about the right market. Product development organization
decisions refer to decisions about the context in which the project
will be executed such as the project team. Project management
decisions refer to structural project decisions such as milestones,
team communication or project monitoring (Krishnan & Ulrich,
2001). Figure 1 shows the attribution of the innovation decision
categories by Krishnan and Ulrich (2001) to the stages of the
stage-gate process by Cooper (2008).

It can be said that with each decision made during the product
innovation process the project evolves and moves to another
stage of the process. Each stage means more allocation of time
and resources into the project than in the proceeding stage and
therefore, more costs (Cooper, 2008). Product innovation teams
need to make fast decisions to keep the duration of the product
innovation process as short as possible and they need to make the
right decisions to keep the risk of project failure as low as
possible. “Data are widely considered to be a driver of better
decision making” (Waller & Fawcett, 2013, p. 77) and therefore,
provide the opportunity to achieve fast and accurate decision
making.

2.2 Data

Companies that make decisions based on data are also referred to
as data-driven organizations. Data-driven organizations are more
productive and profitable, can better adapt to changes in the
environment such as threats and opportunities, and can better
forecast the future (Schneider & Valacich, 2018, p. 254). Factors
that might not only benefit the day-to-day business but also the
new product development process. To understand how data can



positively affect decision making the following sections define
data as well as data analytics.
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Figure 1: Own attribution of process stages by Cooper (2008)
and innovation decision categories by Krishnan & Ulrich
(2001)

2.2.1 (Big) Data Definition

According to the Merriam-Webster dictionary (n.d.) data can be
defined as “factual information (such as measurements or
statistics) used as a basis for reasoning, discussion or calculation”
and as “information output by a sensing device or organ that
includes both useful and irrelevant or redundant information and
must be processed to be meaningful”. This definition emphasizes
that without transforming raw data via analysis into meaningful
insights, data is of no or low value to a company.

Per day approximately 2.5 Exabytes of data are generated (IBM,
2016). Due to the tremendous amount of data literature also
refers to this data as “big data”. Big data is described as “the next
big thing in innovation” (Gobble, 2013) and experts claim that it
will lead to “a revolution in science and technology” (Ann Keller
etal., 2012).

The term “big data” has first been defined by Laney in 2001 via
the 3Vs: volume, velocity, and variety.

Volume refers to the size of the stored data (Wamba et al., 2015).
Commonly big data encompasses multiple terabytes and
petabytes. However, there are no clear criteria that determine
which data size differentiates data from big data.

Velocity refers to the speed of the generation of data and the
necessary speed to analyze and act upon it (Wamba et al., 2015).
New technologies such as the Internet of Things lead to
continuous and unprecedented data creation. In general, it can be
said that big data is generated at a high velocity.

Variety describes “the structural heterogeneity in a dataset”
(Gandomi, 2015, p. 138). Humans may have created the data via
i.e. survey or logs or machines viai.e. weather data or road vision
(Shah, 2020). The variety ranges from structured over semi-
structured to unstructured data whereas structured data is
considered data in an organized form such as data in spreadsheets

and unstructured data is considered data in an unorganized form
such as text, images, audio and video (Gandomi, 2015). Semi-
structured data is a combination of both. Unstructured data
encompasses 95% of all existing data (Miah et al, 2017). While
structured data usually is collected via devices that are connected
to the Internet of Things such as scanners, sensors, GPS tracker
etc., unstructured data lies hidden in data that is mostly extracted
from social media such as social networks or blogs (Qi et al.,
2016). Big data is referred to have a wide variety of different data
sources.

Further dimensions that can be used to describe big data are
veracity, variability (and complexity), and value.

Veracity refers to the unreliable character of some data sources
because they are based on human judgement such as the opinion
of customers (Gandomi, 2015).

Variability describes the varying rates at which data is generated
whereas complexity refers to the difficulty of combining and
analyzing various data sources (Gandomi, 2015).

Value refers to the worth of (big) data. It can be said that (big)
data in its raw form has a low value. However, value is created
by analyzing it to gain new insights and support decision making
(Igbal et al., 2020).

Even though big data can be described based on these different
dimensions, there have been no clear thresholds that clearly
separate data from big data. Literature even refers to the
definition as a “moving definition” as everyday more data is
generated and what is considered big data today might only be
regarded as data in the future. Consequently, the definition
changes over time and based on the applied industry (Sheng et
al., 2017). Therefore, the research of this thesis does not
differentiate between data and big data.

2.2.2 Data Analytics

To derive value from (big) data, a company needs to use various
techniques that transform (big) data into valuable insights.
Literature refers to these as Data Analytics. Data Analytics are
“the use of data, information technology, statistical analysis,
quantitative methods and mathematical or computer-based
models to help managers gain improved insight about their
business operations and make better, fact-based decisions”
(Evans, 2017, p. 3). Wamba et al. defines Big Data Analytics as
“a holistic approach to managing, processing, and analyzing the
5V data-related dimensions (i.e. volume, variety, velocity,
veracity and value) to create actionable ideas for delivering
sustained value, measuring performance and establishing
competitive advantages” (Wamba et al., 2017, p. 356). Kwon et
al. defines it as “technologies (e.g. database and data mining
tools) and techniques (e.g. analytical methods) that a company
can employ to analyze large scale, complex data for various
applications intended to augment firm performance in various
dimensions” (Kwon, 2014, p. 387). Literature sometimes
separates Data Analytics and Big Data Analytics due to the size
of the analyzed data and the increasing challenges for the
analytics to cope with big data. Nevertheless, both aim to gain
insights from data via the analysis of it. Due to the fuzzy
thresholds separating data and big data this research does not
differentiate between Data Analytics and Big Data Analytics.

(Big) Data Analytics can be categorized according to the data that
is analyzed or the general purpose of the Analytics.

2.2.2.1 Data Analytics According to the Analyzed
Data

Analytics categorized according to the data that is analyzed
include, but are not limited to text analytics, audio analytics,
video analytics and social media analytics.



Text analytics aim to gain insights from unstructured textual data
such as blogs, e-mails, survey responses or corporate documents
(Gandomi, 2015). Audio analytics aim to gain insights from
unstructured audio data such as recorded customer calls from call
centers while video analytics aim to gain insights from recorded
videos such as videos from the surveillance cameras in a store
(Gandomi, 2015). Social media analytics aim to gain insights
from structured and unstructured data from online platforms such
as social networks, blogs, media sharing or review sites.
(Stieglitz et al., 2018).

2.2.2.2 Data Analytics According to the General

Purpose of the Analytics

Analytics categorized according to the general purpose of the
analytics include, but are not limited to descriptive analytics,
diagnostic analytics, predictive analytics, and prescriptive
analytics.

Descriptive analytics “categorize, characterize, consolidate, and
classify” past and current data to provide meaningful information
about the business performance (Evans, 2017, p. 8). They aim to
identify i.e. opportunities, threats, or trends.

Predictive analytics analyze historical and current data to predict
the future. The analytics use the outcomes of the analysis of the
past data and then apply it to a situation in the future (Shah, 2020;
Evans, 2017). Predictive analytics can be used for i.e. predicting
consumer behavior, demand, or future costs.

Diagnostic analytics, also known as causal analytics, aim to
identify why a specific outcome occurred (Shah, 2020), for
example to analyze why did customers react in a certain way to
a new product.

Prescriptive analytics aim to identify the optimal outcome of a
given situation to determine the best course of action (Shah,
2020). The analytics can be used to calculate i.e. the best pricing
strategy (Evans, 2017).

The current literature that has recognized the potential of data
and data analytics during the innovation process focuses for
example on guidelines for facilitating the use of big data during
the product innovation process (Tan & Zhan, 2017), data analysis
methods to develop services (Meierhofer & Meier, 2019),
business model innovation via data (Bhimani et al., 2019), the
indirect impact of business analytics on companies’ competitive
advantage (Duan et al., 2020) or the impact of big data on
companies’ innovation performance (Niebel et al., 2019).
Nevertheless, there has not been executed a systematic literature
review on specific application opportunities for data-driven
decision making alongside the entire product innovation process
that also considers application opportunities for different types
of data varieties and analytics. Therefore, this research has been
executed.

The following section describes the research methods used
during this study.

3. RESEARCH METHODOLOGY

To identify and analyze relevant research on data-driven decision
making during the product innovation process, a systematic
literature review has been conducted. Therefore, the approach
towards a literature review of Brocke et al. (2009) has been used
to structure the review in this research. This approach includes
the following steps: definition of review scope, conceptualization
of topic, literature search, literature analysis and synthesis, as
well as research agenda.

3.1 Definition of review scope

According to Brocke et al. (2009) the scope of a review can be
best defined via the following characteristics: focus, goal,
organization, perspective, audience, and coverage.

The focus of this literature review will be on the research
outcomes of identified literature. The research outcomes of
extant literature combined will help to answer the question of
how data-driven decision making can drive the product
innovation process.

The goal of the literature review is to integrate and synthesize
literature to provide an overview of extant literature in the field
of data-driven decision making during the product innovation
process as well as to identify current research gaps. Moreover,
this literature review aims to present central outcomes related to
data-driven decision making.

The organization of the literature review will be conceptual. The
concepts are the decisions that must be made during the
innovation process according to the literature review of Krishnan
and Ulrich (2001).

The perspective of this literature review is to identify and analyze
literature that supports the idea of data-driven decision making
during the innovation process.

The audience of this literature review is expected to be
practitioners and general scholars.

The coverage is representative which means the literature review
intends to represent the most relevant literature in the field of
data-driven decision making during the product innovation
process.

3.2 Conceptualization of the topic

According to Brocke et al. (2009), before beginning with the
literature search, key terms should be defined and conceptualized
to gain a broad understanding of the topic. The key concepts in
this research are data and innovation. An initial search has been
done in Scopus.

To develop a better understanding of innovation itself, the
process as well as the decisions during the process, the following
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keywords have been used: “innovation”, “innovation process
model”, “innovation management”, “new product development”
and “new product development and activities”. TO ensure a
comprehensive overview, there has been no limitation in years,
solely a limitation to the subject field “Business, Management
and Accounting”. Moreover, only literature that had been cited
more than 40 times was reviewed and considered in this review.
The threshold of 40 times had been set to select papers that have
been cited a significant amount of times by other authors and
therefore, indicate valid results. The threshold was not set lower
as it would have been out of the scope of this study to review this
amount of papers. Literature published after 2018 had been
reviewed no matter how many times it had been cited due to its
recent publication. If literature has met these requirements, it has
been selected if it contributed to the understanding of innovation,
product innovation and product innovation process models.

To develop a better understanding of the field of data in the
context of organizations the following keywords have been used:
“data science”, “data”, “big data”, “big data analytics” and “data-
driven decision making”. As the technologies supporting data
analytics but also data itself is continuously evolving due to
frequent innovations, the literature search has been limited to the
years 2016 to 2020 to avoid investigating outdated literature.
Moreover, literature has been limited to the subject field
“Business, Management and Accounting”. Due to the recency of
publication, there are no requirements for a minimum amount of
citations. If all previously mentioned requirements have been
met, literature has been selected based on title and abstract.

The outcome of the initial research is presented in section 2
related literature. To visualize the relevant concepts for this



research concept mapping has been used as can be seen in figure
2

3.3 Literature Search

To identify relevant literature for this review, literature has been
searched in Scopus which claims to deliver “the most
comprehensive overview of the world’s research output”
amongst others in the field of science and technology (Elsevier,
2020). Therefore, it includes all relevant scientific journals and
books and makes a separate journal search redundant.

The literature search has been separated based on the decision
categories that have been identified in the literature review of
Krishnan and Ulrich (2001). The decision categories have been
grouped according to the field of expertise they are relating to,
i.e. Concept Development and Launch (Marketing & Sales),
Supply Chain Design & Production Ramp-Up (Logistics &
Operations), Product Design & Performance Testing and
Validation (Technology Development), Product Development
Organization (Human Resources), Product Strategy and
Planning & Project Management (Strategy Building). The
keywords for the systematic literature search consist of various
descriptions of these fields as well as a keyword relating to the
field of data. The literature search has been limited to the subject
field “Business, Management and Accounting” as well as to the
years 2016 to 2020. If all requirements have been met, it has been
assessed whether the literature can be related to one of the
decisions identified by Krishnan and Ulrich. This assessment was
done first via title, then via abstract and then via the full text. The
selected literature includes empirical as well as non-empirical
literature. There has not been a focus on a specific kind of
research method applied in the literature. To ensure that literature
that might still be relevant but has been published before 2016
and therefore had been excluded from the database search, is not
ignored, a forward and backward search has been done. That
means if relevant research outcomes have been mentioned in the
identified literature, the articles have been looked up and
checked. If they have been assessed as relevant, they have been
included in this literature review.

The search strings used for the analysis are represented in the
following:

Concept Development, Launch
1. “marketing” and “big data analytics”
2. “marketing” and “data-driven”
3. “marketing analytics”
4. “customer analytics”

Supply Chain Design, Production Ramp-Up

. “supply chain” or “operations” and “big data analytics”
“supply chain” and “data-driven”
“production” and “data-driven”
“operations analytics” or “production analytics” or
“supply chain analytics”

PoNE

Product Design, Performance Testing and Validation
1. “engineering” and “big data analytics”
2. “engineering” or “prototyping” or “product design” or
“development” and “data-driven”
3. “engineering analytics” or “research analytics” or
“design analytics”

Product Development Organization Decisions
1.  “human resource” and “big data analytics”
2. “human resource” and “data-driven”
3. “human resource analytics”

4.  “hr analytics” or “people analytics” or “workforce
analytics” or “talent analytics”

Product Strategy and Planning, Project Management
1.  “project” or “strategy” and “big data analytics”
2.  “project” or “strategy” and “data-driven”
3. “project analytics” or “strategy analytics”
4. “project” or “strategy” and “business intelligence”
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Figure 2: Concept map “data, product innovation decisions”

3.4 Literature Analysis

The aim of the literature analysis is to answer the sub-questions
of the main research question that are mentioned in section 1:
Which product innovation decisions can be driven by data?
Which variety of data can be used to drive product innovation
decisions? What kind of analytics can be used to drive product
innovation decisions?

To answer these questions with the selected literature, a concept
matrix has been created for each search blog. The concept
matrices contain the year of publication, author, the type of
analytics used to drive the decisions (descriptive, diagnostic,
predictive, prescriptive) and the variety of the analyzed data
(unstructured, structured). Semi-structured data has not been
considered in the concept matrices as semi-structured data has
not been clearly identifiable in literature.

4. RESULTS

This section is left blank intentionally.

5. DISCUSSION

The literature analysis shows that decisions can be driven by data
during the ideation stage (partly), the concept development stage,
the business case stage, and the launch stage. During the
literature selection process, no papers were identified that would



describe data-driven decision making of product strategy and
planning decisions (ideation stage) as described by Krishnan and
Ulrich (2001). These decisions would be amongst others driven
by data about the market, about customers and about internal
operations which are proven to support decision making in
further stages of the process. For example, the concept
development stage is driven by data about customers to sharpen
the product idea. However, the same data insights can also be
used in the ideation stage to discover market opportunities even
though literature currently has not investigated a connection
between these data insights and decisions yet. Another decision
category for which no literature could be identified, and which
belongs to the ideation stage is “project management”. These
decisions might also be driven by data about internal operations
which are proven to drive decisions during the business case
stage. Furthermore, no papers were dedicated to describing and
proving data-driven decision making during the development
stage and the testing stage. Nevertheless, this does not mean that
data cannot drive the decisions in these stages. The literature
review based on the applied methodology in this study indicates
that data-driven development and data-driven testing is an
unexplored research field. However, when having a closer look
at the decisions that have been identified by Krishnan & Ulrich
(2001) for these two stages it can be assumed that these decisions
can also be driven via i.e. data about customers, business
operations and external parties. Consequently, the correct
question to ask might not be which decisions can be driven by
data and analytics but for which decisions during the innovation
process does it make sense to be data-driven. This research
highlighted various opportunities for data to make decision
making during the innovation process more fact-based and real-
time. Nevertheless, there are also various challenges that come
along with data-driven decision making. One of the main
challenges is its implementation during the innovation process as
companies need to have the capabilities for it. The capabilities
include i.e. the technological infrastructure within a company to
collect, store and analyze the data (Akter et al., 2016) or the
innovators’ data literacy skills to understand, interpret and use
data (Janssen et al., 2017).

Having a look at the entire product innovation process a slight
tendency towards analyzing structured data can be identified. As
mentioned in section 2, 95% of the existing data in the world is
unstructured which means by collecting and analyzing
tendentially rather structured data companies do not reach full
potential by far. On the one hand, unstructured data is another
potential source to gain valuable insights that are available in a
huge amount to companies such as on social media or in
corporate documents The large amount of unstructured data that
is publicly available for use might seem as an attractive option.
On the other hand, it is questionable whether unstructured data
provides more or as valuable insights as structured data. As
unstructured data is more complex to analyze and requires
individual analysis methods it might be more difficult and costly
to gain insights from it. Especially during the product innovation
process this can be an important factor. The potential insights of
unstructured data are used to drive decisions for a specific
product innovation and might not be used for any other purpose.
A company needs to ensure that the value gained from
unstructured data is higher than the investment that needs to be
made to gain insights from these. Again, it is not a question about
which data can be used during the product innovation process,
but which data (insights) provide more value for a company.

Also, as already mentioned in section 4.6, the analytics that are
used during the product innovation process are either descriptive,
diagnostic, or predictive. The literature review indicates that

there is almost no application of prescriptive analytics during the
product innovation process yet. Nevertheless, there might be
potential for applying prescriptive analytics. For example, during
the ideation stage and the concept development stage prescriptive
analytics might show future scenarios of concepts and indicate
the best scenario to develop further. During the business case
stage prescriptive analytics have the potential to develop various
scenarios related to production matters or financial decisions
while during the testing stage prescriptive analytics might be
valuable to identify the most optimal version of a prototype.
During the launch stage prescriptive analytics can indicate
strategies related to the most optimal time and location to enter a
market with a new product. Prescriptive analytics are valuable
during the product innovation process as they create scenarios
and compare them with each other. Thereby, these analytics can
help the decision maker to choose the most optimal scenario. One
potential reason why prescriptive analytics are not applied yet
could be that they are more complex to implement than
descriptive, diagnostic, or predictive analytics. In general, it can
be said that any type of analytics can be applied in any innovation
stage. Nevertheless, applying specific analytics in certain stages
might make more sense than in others. Here as well, it is not a
question of which data analytics can be used but which analytics
provide more benefits for a company.

6. CONCLUSION

The aim of this research is to answer the research question “How
can (big) data drive decision making during the product
innovation process?”. The background research at the beginning
of this thesis showed that there is a variety of data that can
provide insights for decision makers by being analyzed via
different type of analytics. Therefore, a systematic literature
review has been done to identify the variety of data, the type of
analytics and the decisions that can be driven by data during the
product innovation process. The systematic literature review has
been structured according to the decision categories during an
innovation process identified by Krishnan and Ulrich (2001).

As discussed in the previous section, there are various
opportunities for data-driven decision making during the product
innovation process. Two results of the literature review that
especially stood out were the slight tendency of using structured
data during the product innovation process as well as the
untapped potential of applying prescriptive analytics. The
literature review presented various ways of how a variety of data
and data analytics can be applied to innovation decisions to drive
the product innovation process. Nevertheless, this study also
revealed that the topic still needs to be further researched. Even
though there are various opportunities for applying data-driven
decision making the exact value of data-driven decisions, of
unstructured or structured data and of specific analytics during
the product innovation process is not known yet.

7. LIMITATIONS & FUTURE
RESEARCH

7.1 Limitations

Firstly, as already mentioned in the previous sections the scope
of this study is limited. This research only indicates various
application opportunities for data-driven decision making during
the product innovation process. Still, it does not investigate the
link between the variety of data, the type of analytics and the
value it has for each specific decision. Secondly, this research is
only based on literature. The successful application of data-
driven decision making during the innovation process is still
questionable and requires further research. Thirdly, the
systematic literature review has been structured and executed
based on the innovation process decisions that have been
identified by Krishnan and Ulrich 19 years ago in 2001.



Therefore, it is questionable if the paper still reflects all dominant
decisions that need to be made during the innovation process.
Moreover, as some decision categories (i.e. concept development
and launch) needed similar insights literature has been searched
and analyzed for both at once even though the decision categories
were assigned to different product innovation stages. This makes
it difficult to provide a clear statement about the applied analytics
and data variety in each product innovation stage. Fourthly, the
systematic literature review is limited by the selected keywords
and filters. In the initial search the amount of selected papers is
quite high, however after applying the filters of year and subject
area the amount of papers decreases tremendously. Even though
a backward and forward search has been done, there is a
possibility of having missed relevant literature. Nevertheless,
broadening up the keywords and filters would have been out of
the scope of this research.

7.2 Future Research

As has been identified in the literature selection process, there is
no literature specifically referring to the product design decisions
(development stage), performance testing and validation
decisions (testing stage), product strategy and planning as well
as project management decisions (ideation stage). To fully
discover the potential of data-driven decision making during the
new product development process research needs to be done in
these stages. Moreover, research is needed that investigates the
value of the variety of data and the type of analytics for specific
decisions in each stage. Next to that, it needs to be investigated
whether the value of data-driven decision making during the
product innovation process varies according to different
industries, company sizes or even other product innovation
process models and working methods such as agile product
development.
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