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Abstract
Purpose: The purpose of this thesis is to understand the role of big data in the innovation process and
specify the conditions or scenarios where big data and innovation can join forces.
Research design, approach and method: The theoretical framework used is based on the innovation
framework with big data from Kusiak (2015) and it is validated by three propositions:
1) Big data analytics (BDA) gives the possibility to discover new insights, such as increase profitability,
expansion of customer base and market growth, hence it is a contributor to innovation.
2) Firms are investing or plan to invest massively in big data analytics, in terms of money and time, in
order to have a competitive advantage.
3) Big data analytics is a general purpose technology (GPT), thus can bring value across different
industries.
The study is explorative using a qualitative approach primarily validated by interviews and supported by one
exploratory survey. A total of four individuals were interrogated through semi-structured and two through
unstructured interviews. Regarding the cross-sectional on-line survey, the response rate was 29% where 15
questionnaires were filled out.
Findings: The outcome of the study is that:
x BDA gives the possibility to discover new insights hence BDA is a contributor to innovation if an evolving
process is in place and that humans are interacting with the results.
x Firms are investing or plan to invest massively in BDA in order to have a competitive advantage is partially
supported as there is a lack of financial figures and order of magnitude.
x BDA is a general purpose technology thus can bring value across different industries (e.g. Insurance and
metallurgy) is supported by the empirical findings.
In conclusion, big data analytics can play a role in the innovation process in three different phases: data
storage, data analysis and innovation knowledge. It is reflected as: BDA can trigger innovation, BDA can
be innovation and different sources of data can contribute to insights in a BDA system.
Keywords: big data, analytics, data-driven, innovation, qualitative method
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1

Introduction
“Without big data analytics, companies are blind and deaf, wandering out
onto the web like deer on a freeway.”
– Geoffrey Moore, theorist and management consultant.

1.1

Background

There is no doubt that year 2016 is in the digital age: data is mass-produced. Already in 2012, Marcia Conner
stated that 2.5 quintillion bytes of data (1 followed by 18 zeros) are created every day where 90% of that
data was created in the last two years (2013).
One example of innovation leveraging on data is IBM Human Centric Solutions Center. 25% of the total
population in Bolzano Italy is retired and elderly, requiring special assistance, hence spending close to half
of the social services budget. By equipping houses with sensors reporting back information, such as humidity
or life patterns, to a central database closely monitored, the city could dispatch a care worker to visit the
home. This implementation saved about 30% in assistance and care (IBM, 2013).
According to the 2011 McKinsey Global Report, Big data: The next frontier for innovation, competition, and
productivity, “manufacturers can use big data to reduce costs and deliver greater innovation in products and
services” (McKinsey Global et al., 2011). As Gobble (2013) indicates in her article Big Data: The next big thing
in innovation, innovators are looking into sensor usage and data produced to either add value to old products
or generate new ones, consequently data itself offers opportunities for innovation.
Data is mass-produced, data generates breakthrough ideas like Bolzano City and formal reports connect big
data analytics to innovation. Is there a guiding principle explaining how big data analytics and innovation
can join forces?

1.2

Problem Discussion

The technological and digital revolution era changed the way we store and handle information, fostering a
new paradigm on how to process all this information. A simple search on the word “innovation” in Google
brings us “approximately 398,000,000 results (0.64 seconds)”, showing us how we are flooded by data
coming from everywhere. The big amount of data to be analyzed combined with the need for having a
much quicker analysis, bring us the challenge of collecting the right information from many possible inputs
(Lorentz, 2013).
Based on Chesbrough (2010), a company can gain value through development of new ideas, technologies,
products or services or by innovating its business model. According to Kusiak (2009), big data analytics has
not been explored to its fullest. He states that big data analytics will be a key player in influencing product,
systems and services designs by making them smarter, better connected, more effective and accessible.
Kusiak (2015) refers to the innovation framework with data positively influencing innovation by selecting
the most promising alternatives based on machine learning and predictions.
Cooper (2011), on the other hand, states that data is lacking when creating innovation. That is reinforced in
several parts of his book “Winning New Products”. When entering the development stage, 4/5 companies
have no good information regarding customer price sensitivity, 3/4 lack customer data and 2/3 has no
reliable data on market size and sales forecasting (Cooper, 2011). Thus, the biggest challenge when selecting
a project or in portfolio management is obtaining better data integrity and not the tool selection (Cooper,
2011). Another problem identified by Cooper (2011) is a weak front-end homework which includes market
studies, technical assessments and financial analysis. For instance, 84% of firms fail to assess the value of
the product to customer, 82% rely on poor market research, 78% are deficient in carrying-out assessments
1

for operations or source-of-supply and finally 74% are weak on business and financial analysis (Cooper,
2011).
According to Glass and Callahan (2014), the companies creating a culture focusing on customer data and
making changes based on the results are the ones that will prevail. The benefits of big data are available to
any company in any industry and that implementation will deliver insights and reveal opportunities
impossible to recognise in any other way (Glass and Callahan, 2014). Big data is more than just a trendy
technology, it is a business transformation because big data is leveraging the lone and actionable insights
derived from customers, products and operations to re-think the value creation process, streamline key
business activities and reveal new monetization opportunities (Schmarzo, 2013).
Number of reports praise the benefits of big data analytics: Big Data Value Association (2016) and Center
for Data Innovation (MacDonnell and Castro, 2016), just to name a few. Despite its indisputable potential,
understanding and using big data is still astoundingly random in the business world (Glass and Callahan,
2014). In reality, most people don’t understand big data and very few know what to do with it (Marr, 2015).
According to Marr (2015), the real value is not in the large amount of data volumes but in the ability to
analyze massive and complicated data sets to improve decision-making.
Cooper (2011) confirms that the shortage of innovation is due to a lack of data. However, today data is
mass-produced. Kusiak (2009) mentions that big data analytics can influence innovation but that alternative
has not been fully explored. Big data is a business transformation and the companies embarking the big data
journey will prevail (Schmarzo, 2013, Glass and Callahan, 2014). Several reports consider big data analytics
as a strategic factor for the economic progress and social empowerment (Big Data Value Association, 2016,
MacDonnell and Castro, 2016). Data is perceived as the new raw material on par with capital and labour
(The Economist, 2010). Big data analytics can find patterns and connections that humans are unable to see
(The Economist, 2012a). Despite all the benefits, the business world scarcely integrates big data and there
are misunderstandings on what are the opportunities (Glass and Callahan, 2014, Marr, 2015). Therefore,
the role of big data analytics in the innovation process is not fully investigated and explained.

1.3

Problem Formulation and Purpose

Big data analytics is a complex and vast topic. So how can firms make sense of it? What are the possibilities
that big data analytics are offering? What problems can big data resolve? Additionally, innovation is a major
contributor to gain value, so how can firms find ways to exploit big data analytics in the innovation process?
Our research aims to understand big data and what it enables as well as to establish the connection between
innovation and big data analytics. Thus, aiming to address and answer the main research question:
What is the role of big data in the innovation process?
The purpose of this thesis is to understand the role of big data in the innovation process and specify the
conditions or scenarios where big data and innovation can join forces. The theoretical framework will
investigate different perspectives derived from the literature review in order to determine what parts in the
innovation process are influenced by big data analytics.

1.4

Delimitations

In this thesis, there are important aspects regarding data collection and data analytics that will not be taken
into consideration: that is security (Lafuente, 2015, Koegler, 2014) and legal binding (Navetta, 2014,
Duisberg and Niemann, 2006). The reasoning behind that decision is that those two domains, although
intrinsically connected to big data, are not connected to the research question therefore not relevant to this
study.
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Big data analytics and innovation are two broad areas to discuss. The following aspects were excluded for
sake of brevity: organization culture (Wunker, 2015), organizational politics (Walsh, 2015), financial
restrictions (Brad Power, 2014), the PESTLE model (Lake and Drake, 2014) as well as Porter’s five forces
analysis (Porter, 2008) and Porter’s value chain analysis (Koc and Bozdag, 2016).
Finally, analytics methods and other complex qualities of big data analytics such as technical details about
big data infrastructure or tools are out of the scope.

1.5

Thesis’ Structure

The chapter Literature Review covers several theories and facts. The first step is to understand the trend of
big data analytics through reports and articles in order to extract main domains and converging facts. It is
followed by the description of big data, big data analytics and models explaining either how to introduce
big data analytics with a strategy board or how to improve decision-making through a feedback loop. An
innovation framework using big data analytics is introduced and explained through different researches in
several different domains.
The Theoretical Framework is presented in the following chapter through a research model defining certain
propositions to be validated.
The Methodology chapter uses qualitative methods in order to assess the main research question through the
propositions. The primary source of data is the interviews but supported by a qualitative survey as a
secondary source of data. It also explains how the data will be analyzed as well as stating the validity and
reliability of the research method.
The Empirical Findings chapter summarizes the different results from the interviews and survey. The Analysis
chapter outlines the different results from the data collection and consolidates the information against the
propositions from the theoretical framework.
The chapter related to Conclusions and Implications is answering the research question and purpose from the
first chapter as well as a discussion related to the validity and reliability of the results. Recommendations and
further studies are proposed at the very end of the thesis.
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2.1

Literature Review
The Big Data Analytics Trend

Several global management consulting firms, world’s leading information technology research and advisory
companies projected big data analytics as the next logical step for industries to succeed. Gobble (2013)
indicates big data as the next big thing while Gartner highlights big data and showing its importance, through
2011 to 2014 analysis reports of the top 10 strategy technologies forecasted (2011, 2012b, 2014).
Additionally, McKinsey Global Report (McKinsey Global et al., 2011) presented big data as the next frontier
for innovation, competition, and productivity, transforming innovation in products and services. Columbus
(2015) states that 89% of business leaders believe big data will revolutionize business operations in the same
way the internet did and that 83% have pursued big data projects in order to seize a competitive edge.
Brian Hopkins (2015) from Forrester, affirms that in 2016, the customer-obsessed leaders will overtake their
competition, and a shift will occur since firms seek to reshape customer experiences and grow revenue. On
account of firms moving past big data and solve problems with data-driven thinking, insight will become a
key competitive weapon (Hopkins, 2015). The advantages of big data analytics are well described by Deloitte
disclosing that it is “about making better business decisions faster and with more confidence” (Cheng et al.,
2014). Cheng et al. (2014) from Deloitte Australia state in their big data analytics report that “for industries
whose success depends more on customer insights than operational intelligence, it pays to maintain a sense
of opportunity with big data”. Porter and Heppelmann (2014) explains how smart and connected products
can provide better insights to the companies making those products but also potentially sell that data to a
third-party company. Columbus (2015) mentions that big data analytics helps manufacturing companies in
Asia to reduce cost, attract new customers, improve productivity and optimize facilities as seen in appendix
B.
In 2012, Gartner forecasted that big data will drive $28 billions of IT spending in 2012, $34 billions in 2013
and $232 billions in 2016 (2012c, 2012a). In 2015, Gartner (2015a) unveiled a survey showing an increase
in big data investments by having more than 75 percent of the companies planning to invest (Gartner,
2015a). In Figure 2.1, Columbus (2015) depicted the increase forecast trend for big data analytics market
from $7.6B in 2011, all the way to $84.69B in 2026.

Figure 2.1 – Big data analytics market forecast 2011-2026 (Columbus, 2015).
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The IDC1 (2015) study predicts a shortage of skilled staff by 2020 due to the increasing demand for big
data. Aligned with this demand, The Economist (2010) says that people should be worried about how to
train the next generation, not just scientists, but people in government and industry to be prepared to the
“industrial revolution of data” and their impacts on the society.
The Center for Data Innovation reveals that data-driven innovation can affect not only the industry
improving economic productivity but people’s quality of life on customizing basic social services like
education (MacDonnell and Castro, 2016). As presented by Big Data Value Association (2016), big data
analytics can also improve GDP and has the potential to improve the European GDP by 1,9% which is the
equivalent of one full year of economic growth in the EU. According to The Economist (2016), in the social
area, because of big data analytics, politics cannot be run the traditional way anymore. Huge availability of
data, with complex algorithms, can support politicians on collecting and storing data on voting-age citizens,
and reminding who should walk to the poll station, and who to influence to vote (The Economist, 2016).
Financial areas are also investing on big data to present fraud and uncover customers becoming less
creditworthy (The Economist, 2012a). Some examples of application cited by The Economist (2012a) are
the bank Citigroup which hired Watson from IBM to help on selecting products and services to offer to
customers and Igor created by Paypal, a computer system capable to detect patterns, such as concentration
of payments close to the top limit in order to prevent fraud.
The different areas, according to Deloitte (2012), that can benefit from smart decision-making approach
are: customer & growth, supply chain, finance, workforce and risk & regulatory. As an example in the
customer & growth area, big data analytics can provide a better understanding of customer segmentation,
it can also adjust prices and increase profitability (Deloitte, 2012). Columbus (2016) affirms that big data
analytics will revolutionize hundreds of areas in market and sales and this revolution is already noticed in
different ways today. He specifies examples of areas where big data is influential such as pricing strategies,
customer responsiveness approaches, customer analytics and intelligent contextual marketing to name a few
(Columbus, 2016). Netflix uses big data analytics in order to pick promising TV shows, with 80% success
rate while having a lower marketing cost and a faster turnaround time (Hegde, 2014).
In 2009, IBM introduced Watson, a computer system specifically developed to answer questions on the quiz
show Jeopardy. By analyzing structured and unstructured data and using machine learning methods, Watson
outperformed its human opponents and won the 1st prize (IBM, 2016). Since then, continuously improved
Watson is considered a big data analytics solution capable to reveal insights through its cognitive technology
designed to learn like a human: understanding natural language, generating hypotheses based on evidence,
and learning as it goes (IBM, 2016). Another company offering similar services, SaS2 proposes a set of
analytics products and solutions such as data mining and text analysis (SAS, 2016). As seen in Table 2.1,
Watson and SaS can apply their BDA3’s solutions to several industries such as banks, business, society,
medical, education, etc.
Companies

Industries

IBM (Watson)

Baking, Insurance, Retail, Telecommunications, Government, Non Profit, Education and
Chemicals & Petroleum, Marketing, Sales, IT, HR and Finance, Wellness and care

SaS

Industries, Automotive, Banking, Capital Markets, Casinos, Communications, Consumer
Goods, Defense & Security, Government, Health Care, Health Insurance, High-Tech
Manufacturing, Higher Education, Hotels, Insurance, Life Sciences, Manufacturing, Media,
Oil & Gas, P-12 Education, Retail, Small & Midsize Business, Sports, Travel &
Transportation and Utilities

Table 2.1 - Industries where IBM Watson and SaS BDA’s solutions can be applied (IBM, 2016, SaS, 2016).

IDC: International Data Corporation
SaS: Statistical Analysis System
3 BDA: Big Data Analytics
1
2

5

A general purpose technology (GPT) can be defined as a technology capable of reshaping the economy and
enhance productivity across all sectors and industries (The Economist, 2012b). Electricity and cars are two
examples of GPT. Given that BDA can be applied into several different industries as seen in Table 2.1, it
can be deducted that BDA could be a GPT.
Watson is an innovation by itself as it is mimicking human’s information processing and reasoning. Watson
is using advanced data processing methods such as machine learning and data mining. SaS and IBM
continuously push the limits of their products through insights, although those products are meant to trigger
insights in other domains. For example, the current SaS software, SaS 9.4 delivered in July 2013, released its
first maintenance package on December 2013, the second one on August 2014 and the third one on July
2015.
Finally, what happens to big data analytics when there is no data? The recommendation specified in the
Center for Data Innovation Report is to have an open data approach, so it can serve as a platform for new
products and services in all sectors, private or public, in order to improve governments operations and
reduce wasteful spending (MacDonnell and Castro, 2016). For example, transportation applications in
Europe can utilize open transportation data and could save drivers 629 million hours wasted sitting in traffic,
reduce road casualties and reduce emergency response times (MacDonnell and Castro, 2016). The CDI
Report also recommends a proper legal framework for the data collected and shared. Indeed, data-driven
innovation can occur only if data can be collected, use and re-used to gather a better understanding
(MacDonnell and Castro, 2016). Likewise, the Big Data Value Association (2016) Report states that
educational and cultural services will be influenced if public government information and open data is
available. In November 2014, the EU committed €14.4 million for projects in open data, including an open
data incubator for startups and similarly, the UK has committed €1.9 million for open data in public services
(MacDonnell and Castro, 2016).
Table 2.2 summarizes different publications reviewed in the thesis related to big data analytics. The aim is
for the table to display the different problems encountered in specific domains or areas and deduce how big
data can develop or enhance the condition.
Source

Big Data
Value
Association

Center for
Data
Innovation

Dataconomy

Type

Title

Domains(s)/Problem(s)/Gain(s)

Domain: Society, Innovation, Investment, MultiSector
Problem: Improve European GDP thanks to new
European Big Data
primary asset: data. Have a better society in all
Value Strategic
Report
industries and social-economic aspects. Open data
Research and
not available.
Innovation.
Gain: BDA is a potential improvement in all
domains including energy, sales, marketing,
healthcare, education, etc.
Domain: Society, Innovation, Investment, MultiSector
Problem: Better understand the world, stimulate
innovation and progress, hence improving
economic productivity and quality of life. Open
Europe should
Data not available consequently stopping dataReport embrace the data
driven innovation.
revolution.
Gain: BDA can help in having a workforce even if
the population is aging or having a low fertility
rate. It can customize basic social services like
education. No human casualties due to harsh
manufacturing and industrial environments, etc.
Domain: Marketing & Sales, Innovation,
Netflix and its
Investment.
Article revolutionary use of
Problem: Shorten the time from pitch to series
Big data.
(almost skipping script and pilot). How to

References

BDV (2016)

MacDonnell
and Castro
(2016)

Hegde (2014)

6

Deloitte

Deloitte

Forbes

Forbes
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guarantee the success of renewal for another
season? Lowering cost of marketing.
Gain: BDA introduced a new approach to pick
TV shows with 80% success rate, to lower
marketing cost and have a faster turnaround time.
Netflix is the innovation.
Domain: Business Strategy, Innovation, MultiSector
Big data: The three- Problem: Difficulties to take the right decisions,
Report
minute guide.
too much data generated in daily operations.
Gain: BDA for better and faster decisions with
more confidence.
Domain: Business Strategy, Innovation, MultiSector
Problem: Although Deloitte identified BDA as
Big Data - Tougher,
one of the trendy technologies, Australian
Report smarter, stronger,
businesses struggle to create value with it.
faster.
Gain: Deloitte reveals that the reason is more
structural than strategic. BDA helps making better
business decisions faster and with more confidence
Domain: Marketing & Sales, Innovation,
Investment
Problem: Optimizing price strategy, better
Ten ways Big data
customer responsiveness, successful customer
is revolutionizing
Article
relationship, optimizing selling strategy (go to
Marketing and
market based on geoanalytics), better customer
Sales.
engagement and loyalty.
Gain: All items in problem are improved with
BDA.
Domain: Business Strategy, Investment
Roundup of
Problem: How to understand customer needs
Analytics, Big Data
based on how to simplify sales cycles and
& Business
Article
streamline customer service.
Intelligence
Gain: Companies use BDA to get beyond the
Forecasts and
constraints that hold them back from being more
Market Estimates.
attentive and responsive to customers.

Deloitte
(2012)

Cheng et al.
(2014)

Columbus
(2016)

Columbus
(2015)

Forrester

Forrester’s 2016
Predictions: Turn
Article
Data Into Insight
and Action.

Domain: Business Strategy, Innovation
Problem: The search for revenue growth and
transform customer experiences, increase the
competition.
Gain: BDA and data-driven thinking create
insights.

Hopkins
(2015)

Gartner

Gartner Survey
Shows More Than
75 Percent of
Companies Are
Article
Investing or
Planning to Invest
in Big Data in the
Next Two Years.

Domain: Business Strategy, Investment
Problem: Companies are worried about the ROI4
when thinking to invest in DBA.
Gain: Expected positive ROI if investment in
BDA.

(Gartner,
2015a)

Gartner

Gartner Identifies
the Top 10
Article Strategic
Technologies for
2012, 2013, 2015.

Domain: Business Strategy, Innovation,
Investment
Problem: Number of strategic technologies
expected to support companies and bring value.
Gain: Smart machines are presented as one of the
top 10 strategic technologies in 2012, 2013 and
2015.

Gartner
(2011, 2012b
and 2014)

ROI: Return of Investment
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Gartner

Gartner

Gobble

HBR

IDC

McKinsey

The
Economist

The
Economist

5

Big Data Drives
Rapid Changes in
Infrastructure and
Article
$232 Billion in IT
Spending Through
2016.

Domain: Business Strategy, Innovation,
Investment, Multi-Sector
Problem: Companies should invest in BDA.
Gain: Moving towards DBA will force a more
rapid cycle to replace existing solutions.

Domain: Business Strategy, Investment
Problem: BDA creates a demand in IT
Gartner Says Big
investment.
Data Will Drive $28
Article
Gain: Gartner forecasts on big data driving $28
Billion of IT
billion of worldwide IT spending in 2012, and $34
Spending in 2012
billion on 2013. Indicates the increase of
investments on BDA.
Domain: Business Strategy, Innovation,
Investment, Multi-Sector
Big Data: The Next
Problem: Companies are drowning in data, data
Article Big Thing in
from many different sources.
Innovation
Gain: Big data promises to reshape everything
from different economic sectors perspective.
Domain: Marketing and Research, Innovation,
How Smart
Multi-Sector
Connected
Problem: Understand how products are used and
Article Products are
why they are used.
transforming
Gain: Better insights for companies making those
competition
products, potentially sell the data to another thirdparty company.
Domain: Business Strategy, Innovation,
Investment, Multi-Sector
IDC FutureScape: Problem: IDC predicts that the shortage of skilled
Worldwide Big
staff on Data Scientists to Architects and Experts
Article
Data and Analytics in Data Management.
2016 Predictions
Gain: The professional services related to Big
Data will have a CAGR5 of 23% through 2020,
bringing competence development in this area.
Domain: Business Strategy, Innovation,
Investment, Multi-Sector
Big data: The next
Problem: Combination of high competitiveness
frontier for
and high amount of data to be analyzed is a
Report innovation,
challenge for companies.
competition, and
Gain: Using BDA to the fullest has the potential
productivity
to increase operating margins by more than 60
percent.
Domain: Politics, Society, Innovation
Problem: How to influence voters towards one
candidate or another? How to remind voters to go
The signal and the vote?
Article
noise
Gain: Possible to influence voters.
Downside: Candidates that have the money to
gather and analyze data have more leverage to
influence voters, hence it is not very democratic.
Domain: Banks, Society, Innovation
Problem: How to offer more services to
customers from a bank perspective? How to detect
Crunching the
Article
a potential terrorist from a spy agency?
numbers
Gain: Finding patterns, connections that a human
is unable to see. Cloud computing is allowing to
obtain data processing capacity when needed.

Gartner
(2012a)

Gartner
(2012c)

(Gobble,
2013)

Porter and
Heppelmann
(2014)

IDC (2015)

McKinsey
Global et al.
(2011)

The
Economist
(2016)

The
Economist
(2012)

CAGR: Compound annual growth rate
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The
Economist

Article

Data, data
everywhere

Domain: Society, Innovation, Multi-Sector
Problem: Ability to extract wisdom out of data,
unlock new source of economic value, new
insights in science, preparing the future
generations to this revolution.
Gain: Data is the new raw material on par with
capital and labour. It is a revolution.

The
Economist
(2010)

Table 2.2 – Publications related to big data analytics and impacting area domains.

Table 2.2 illustrates that big data analytics influence several domains impacting directly or indirectly the
society. Based on the domains where big data analytics can influence, innovation, investment and multisector are the three most identified in the sequence of articles and reports reviewed so far. Indeed,
innovation is a key field where promising insights could be triggered by big data analytics. Several reports
and articles are indicating that the trend is that companies from the public and private sector are investing
or are planning to invest in big data. And finally, big data analytics is not a silo solution impacting a single
area or economic sector but instead can be applied in multiple industries that are not necessarily related to
each other which can be defined as a GPT.

2.2

Defining Big Data

Big data can be defined in multiple ways. According to Merriam-Webster dictionary (2016), it can be defined
as a very large dataset, to the extent that the manipulation and management introduce substantial logistical
challenges. From a business viewpoint, Gill Press (2014) wrote an article in Forbes titled 12 Big Data
Definitions: What's Yours?, outlining the different interpretations of big data: broad range of new and massive
data types, the more data the more insights, the combination of data from multiple sources leading to better
decisions, etc. From a scientific standpoint, Kitchin and Lauriault (2015) detail big data as volume (terabytes,
petabytes of data), velocity (real-time), variety (structured and unstructured, temporally and spatially
referenced), exhaustive (no limit to sample size), resolution/indexical (high granularity and unique
identification), relational (enabling conjoining different data sets) and flexible (extensional and scalable).
This shows that there is no formal and unified definition about big data and it can be open to interpretation
depending on the stance.
Ahmed Banafa (2014) differentiates small data and big data as follow:

Figure 2.2 - Comparing big data and small data (Banafa, 2014).

Figure 2.2 illustrates that the comparison is based on data source, volume, velocity, variety and value which
is aligned to a certain extent to Kitchin and Lauriault’s interpretation.
The data volume trend can be visualized with the diagrams from Josh James in the appendix A, which
captures data generated between 2011 and 2013 and then between 2013 and 2015 (James, 2015, 2014). It
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basically shows how much data is generated in one minute and it is easy to identify that within a few year’s
span, the amount of data has rapidly increased. For instance, the number of hours for YouTube videos
increased from 72 new hours to 300 new hours (an increase of ~317%) and the number of Tweets from
277000 to 347222 (an increase of ~26%).
By scaling small data into data infrastructures, as stated by Kitchin and Lauriault (2015), it makes data more
extensive, relational, interconnected, varied and flexible, even if it is still lacking velocity and exhaustiveness.
The impact of small data scaling is that data analytics usually applicable for big data can be also applied to
small data. Which means that from a cost, difficulty and time-consuming analysis perspective, this new
solution delivers algorithms and computation methods and also provides insights on data sets otherwise not
usable for small data. These data analytics can equally be applied to scaled small data as well as big data in
order to extract and model insights (Kitchin and Lauriault, 2015).
Collecting information has become a cost-efficient solution mainly due to the low price for data storage.
Matthew Komorowski, (2014) mathematician and software engineer, conducted an analysis about hard drive
cost per gigabyte (USD). Based on his blog page, on March 9th 2014, a 3TB drive was available at $99.99,
which is equivalent to $0.03 per GB as seen in Figure 2.3. Hence, data storage is today affordable.

Figure 2.3 - Hard Drive cost per Gb (USD) (Komorowski, 2014).

Data analysis and outcome are bringing value (Marr, 2015). For this reason, analytics and data analysis are
intrinsically vital when handling any data including big data (Solis, 2013).

2.3

Big Data Analytics

Data as such can either be structured, semi-structured or unstructured, as well as internal or external (Marr,
2015). As per Marr (2015), data can also be classified differently, such as: created data, provoked data,
transaction data, compiled data, experimental data, captured data and user-generated data.
According to Erl et al., four types of analytics are identified based on their results. Those types of analytics
will bring a different value, so a different cost and complexity to the implementation (Erl et al., 2015).
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Figure 2.4 describes the four types of analytics where more complex is the required skills level, bigger is the
business impact and consequently higher is the value. The descriptive analytics analyzes what is happening
based on the incoming data and the related question is “What happened?”. The diagnostic analytics looks into
past performance data to determine what happened, for this reason the question to answer is “Why did it
happened?”. The predictive analytics analyzes the probable scenarios of what might happen and the associated
question is “What is likely to happen?”. And finally the prescriptive analytics is an analysis to find what actions
should be taken. The main question with this type of analytics is “What should I do about it?”.

Figure 2.4 - The Four types of analytics (Erl et al., 2015).

Different types of data analysis can be applied to data depending on what is the ultimate goal. According to
Erl et al. (2015), seven data analysis methods are applicable. The quantitative analysis is a technique that focuses
on quantifying the pattern and correlations in data and give numerical results as output. Whereas the
qualitative analysis focuses on various data qualities using words. It analyzes a smaller sample with a much
deeper analysis compared to the quantitative analysis. The qualitative analysis normally gives, as output,
descriptive results. The data mining, also known as data discovery, is used on large data sets and extracts data
with the objective to find unknown patterns. The statistical analysis uses mathematical formulas for analyzing
data. The machine learning technique combines human knowledge with the processing speed of machines in
order to process large amount of data without requiring human interaction. The semantic analysis practices to
extract meaningful information from text and speech. And the last method, called the visual analysis, is a
form of data analysis requiring graphics and visual information.
When it comes to insights and benefits, Erl, Khattak and Buhler (2015) state that operational optimization,
accurate predictions, identification of new markets, actionable intelligence, fault and fault detection, detailed
records, improved decision-making and scientific discoveries are domains that can be affected and enhanced
by big data.
But how to introduce big data analytics in a firm? Bernard Marr (2015) proposes the SMART model in his
book “Big Data” where he outlines a step-by-step methodology.
The SMART model is based on five (5) steps as represented in Figure 2.5: start with strategy, measure your
metrics and data, analyze data, report results and transform business and decision making (Marr, 2015).
In order to start with strategy, Marr proposes to start with the business objectives and achievements instead
of starting with data. Indeed, data requirements are needed in order to target the wanted results with the
data. A strategy helps identify what data is needed which could be a combination of traditional small data
or existing data and new data formats. The SMART strategy board can help organize data in a manageable
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manner. The board is divided in different panels: purpose, customer, operations, finance, resource and
competition & risk. Each panel is to be filled with questions regarding the specific domain strategy.

Figure 2.5 - The SMART Model (Marr, 2015).

Once the strategy is defined, it is necessary to measure metrics and data to gather the information susceptible
to answer the questions from the panel. According to Marr (2015), it is important to understand what type
of data is available and also to know what type of metrics and data can potentially answer the questions.
This is the place where questions like “what type of data collection will be used?” or “where is the data
stored?” are identified.
In the step analyze data, data analytics are applied to the data collected. Depending on which analytics are
used, it can allow pattern identification, correlations, statistical probabilities, etc. This analysis generates
results that need to be shown in a certain format in order to make a decision. Hence, Marr (2015) states that
the phase report results allows questions like, “would it be a chart or a graph?” or “who needs this
information?”, to be answered. This is where it is possible to build a dashboard for information to be
consolidated, visualized and easily understood.
The final step, transform business and decision making, is based on the information provided in the previous
phase. It will be here that actions can be taken. This is an opportunity to use the insight gathered and take
decisions for the future (Marr, 2015). As an example of improved infrastructure, in Amsterdam’s airport
Schiphol, machines are available for passport control when transiting from Stockholm to Montreal: no need
for border control agents consequently BDA is changing the employment landscape.
Taking the right decision based on data impacts directly innovation. The DIKW6 pyramid, presents the gap
and the path to move from data to wisdom. Erl, Khattak & Buhler (2015) show the steps to reach wisdom
in the DIKW pyramid, with the concept that every step has more value than the previous one (Klososky,
2014).
Figure 2.6 shows the DIKW pyramid which represents the flow from an event and value perspective. Events
triggers data (signals or facts in a raw format), which is the base of the pyramid. Given the context, data
becomes information, where from a value perspective, hindsight can be extracted. Giving meaning,
information becomes knowledge, thus insight value can be obtained. And finally, giving understanding
knowledge becomes wisdom, which is the top level of the pyramid, and respectively corresponds to foresight
value where wiser decisions are taken (Erl et al., 2015).

6

DIKW: Data, Information, Knowledge and Wisdom
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Figure 2.6 - DIKW pyramide (Erl et al., 2015).

In their book, Erl et al. (2015) indicates that wisdom generation by technological avenues will lead to a
philosophical discussion. In their view, technology is used to support knowledge management, and
personnel are responsible for applying their competency and wisdom to act accordingly, within business
environments (2015).
On the left side of Figure 2.7, Erl et al. (2015) correlate each step of the pyramid with organization levels,
demonstrating the connection between business architecture and the operational level where metrics can be
generated. This information can be examined in performance management level to check how the business
is performing, giving meaning to the information through Key Performance Indicators (KPI). This
performance analysis can go further to a strategic layer, making reflection on which strategies need to be
changed to enhance capability.

Figure 2.7 - The creation of virtuous cycle to align an organization across layers via a feedback loop. (Erl et al., 2015).

Based on the analysis presented on the DIKW pyramid and also on the business architecture, Gollner (2010)
created a variant which includes how an organization can relate and align its organizational layers by creating
a virtuous cycle via a feedback loop. On the right of Figure 2.7, the strategic layer operates reaction via the
utilization of judgment by making decisions regarding corporate strategy, policy, goals and objectives that
are communicated as restrictions to the tactical layer. In return, it generates priorities and actions aligned
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with corporate direction. With time, the strategic and management layers injecting judgment and action into
the loop will refine the delivery of business services (Erl et al., 2015). Furthermore, a better decision process
anticipates the effects on choosing course action, account of time and uncertainty alternatives (Magee, 1964).

2.4

Innovation Framework with Big Data Analytics

Andrew Kusiak, who coined the term “innovation science”, stated in 2007 that the innovation process and
conditions triggering innovation prepare the conditions for economic progress (2007). In his paper
“Innovation Science: A Primer”, he provides a better understanding of the process of innovation by
introducing basic innovation models. Kusiak outlines the need for the discovery of theories, processes,
methodologies and tools boosting innovation. Some of the tools supporting innovation such as genetic
programming and data mining, could be inserted in prototype software and incorporated with existing
computational systems. Pattern discovery and data mining from design, process and service applications
data, are likely to become major solution approaches of the innovation cyber-infrastructure.
In 2009, Kusiak evolves his research towards a new paradigm in innovation which starts with a large number
of design possibilities and selecting the ones with the best future outcome (Kusiak, 2009). In his article
“Innovation: a data-driven approach”, he takes into consideration data collection and data mining
algorithms. Data collection algorithms gathers and measures information whereas data mining algorithms
utilizes processes to discover patterns in large amount of data taking advantage of methods like machine
learning, statistics and predictive analytics as, explained by Erl et al. (2015). Kusiak (2009) states that the
main issue in innovation is to evaluate at an early stage many possible solutions. Trial and error is the main
approach used for innovation. Although easy to use, it lacks predictability and is costly (Kusiak, 2009).
More recently, Kusiak has contributed to number of papers regarding specifics domains where big data
analytics is at the core. For instance, regarding patents, a data mining approach is proposed to analyze the
relationships of different technologies by a weighted association rule. By doing so, an investment project
could be associated with several technologies and could potentially indicate success and sustainability of the
invested technology in the future (Altuntas et al., 2015a). In the same vein, a case study result demonstrated
that a nine step method based on patent data can forecast technology success (Altuntas et al., 2015b). That
proposed method answers the following fundamental questions regarding patent decision-making: which
technologies are worth investing? And, what is the prioritization among technologies?
Another area that Kusiak participated to is regarding HVAC7 systems. Kusiak et al. (2013) state that datamining combined with optimization can minimize the energy consumption of an air handling unit. For
instance, computational results demonstrated that by slightly increasing the energy consumption of pumps
and fans, the energy consumed by the chiller could be significantly reduced. In that research, almost 23%
of the total energy consumed by an AHU8 system was reduced.
After patents and HVAC systems, another domain where Kusiak’s involvement can be recognized is with
wastewater treatment plant. Indeed, two data-driven neural networks can be used in order to predict the
influent flow to a wastewater processing plant. The input model combined data from influent flow such as
spatial and temporal characteristics, rainfall data, radar data and historical influent data. That proposed
method can provide a good prediction up to 300 minutes ahead with 85% accuracy (Wei and Kusiak, 2015).
Later on, research in that domain was extended to the optimization of a pumping system. The energy
consumption and the outflow rate of the pumping system can be modeled by a data-driven approach (Zeng
et al., 2016). Their results showed that a significant energy saving can be obtained by that modeling and
optimization approaches.
Andrew Kusiak complements his previous research work by outlining an innovation framework involving
big data analytics in his article “Break through with big data” published in the “Industrial Engineer” in 2015.
Kusiak implies that in order for an innovation to be accepted by the market, data and simulations are needed
and they will lead to disruptive and continuous innovations (Kusiak, 2015). Several business sectors like
7
8

HVAC: Heating, Ventilation and Air-Conditioning
AHU: Air Handling Unit
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product design and development, manufacturing, services, transportation, energy, sustainability, healthcare
and biology are given as examples to leverage on big data analytics to gather a better insight (Kusiak, 2015).
Figure 2.8 shows the innovation framework with big data. As an example, the business sector product design
and development can be of boundless interest to innovation as it can create different sets of data within a
data library such as customer and product data (e.g. how a product is used or how a product is behaving).
That data trail attributed to a product over its lifetime can undergo analysis and data/text mining in order to
enhance innovation (Kusiak, 2015). The process will result in innovation knowledge.

Figure 2.8 - Analyzing and mining data could yield knowledge that would improve the process of innovation (Kusiak, 2015).

In the last few years, several studies have emerged on the same tangent. Fully automated manufacturing
facilities have generated big data leading to solutions and techniques capable of extracting useful data and
derive effective intelligence that can address for instance human capital or defect diagnostic (Chien et al.,
2014). Social media and social networks data can bring new insights thanks to big data analytics and machine
learning algorithms: marketing, crime analysis and epidemic intelligence were areas investigated in that arena
(Bello-Orgaz et al., 2015). Healthcare is another domain where big data analytics can highly benefit from
different fronts: healthcare data coming from different sources can provide quality insights and capture the
best field practices (Batarseh and Latif, 2016). The healthcare framework proposed by Wang et al. (2016) is
quite similar to Kusiak’s process presented earlier in Figure 2.8 where different sources of data are pointed
out: patient behavior data, R&D9 data and clinical data.

Figure 2.9 - The process of analyzing unstructured data in health care organizations (Wang et al., 2016).

9

R&D: Research and Development
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In summary, having several sources of data and having data processing tools like data-mining or machine
learning, makes it possible to trigger insights in domains that don’t necessarily need to be related to the
initial data. That is the process to create innovation knowledge.
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3

Theoretical Framework

The purpose of this chapter is to connect big data analytics and innovation through the different theories.
The creation of the theoretical framework and the research model, will allow outlining different propositions
to be tested. The research question for this thesis is “what is the role of big data analytics in the innovation
process?” Reflecting on the literature review, it is clear that there is a relationship between big data analytics
and innovation and that BDA creates innovation from different fronts.
As stated earlier, three main areas were identified as being repeated in several articles and reports:
innovation, investments and multi-sectors.
Regarding innovation, Gobble (2013) indicates that data offers opportunities for innovation. The McKinsey
Report (2011) mentions that customers, consumers and citizens are direct and indirect beneficiaries of big
data analytics. Related innovation are improved health outcomes or better match between products and
consumer’s needs (McKinsey Global et al., 2011). Porter and Heppelmann (2014) mention that the third IT
wave involves embedded sensors, processors, software, connectivity and cloud where product data is stored
and analyzed plus applications to improve functionality and performance. That third wave has the potential
to trigger even more innovation, productivity gains, and economic growth than the previous two.
Erl et al. (2015) state that scientific discoveries, accurate predictions and actionable intelligence are among
domains that big data can bring insights and benefits. The prescriptive analytics are the ultimate approach
to gather foresight, hence being able to take actions based on predictions (Erl et al., 2015). The SMART
model and the DIKW pyramid are two methods capable of reaching the insight level with big data analytics
(Marr, 2015, Erl et al., 2015). Kusiak (2007) affirms that for innovation to be generated, it needs supporting
tools. For that, he suggests big data analytics and its components like data mining and machine learning can
contribute to his innovation framework with big data (Kusiak, 2015).
IBM’s and SaS’ portfolios recommend several tools and services to trigger insights and help businesses to
trigger innovation. As an example, Watson from IBM with its cognitive technology, is designed to learn like
a human by using advanced machine learning techniques (Guliuzza, 2014, IBM, 2016). Similarly, SaS is
offering the “Sentiment Analysis” tool using statistical learning and advanced linguistic methods to
understand expressed opinions (SaS, 2016). Although those tools are meant to create insights in several
economic sectors, those tools require improvements and innovation as well.
The combination of data collection, methods and tools related to big data analytics can trigger innovation,
thus, it brings the first proposition to be tested:
P1: Big data analytics gives the possibility to discover new insights hence it is a contributor to innovation.
Proposition 1 supports the following flows: that BDA can trigger innovation and that BDA can also be
innovation.
From an investment perspective, Gartner predicted in 2012 major investments from companies in IT
infrastructures in order to accommodate big data analytics (2012c, 2012a). In March 2013, the White House
launched US$200 million initiative investing into the nation's infrastructure for managing and using data
improve national security and enhance education (Gobble, 2013). In 2015, Gartner (2015a) claimed that
75% of the companies have already invested in big data analytics or planning to invest in the next two years.
Columbus (2015) states that 83% of the companies that already implemented BDA have pursued BDA
projects in order to seize a competitive edge. Columbus (2015) also forecast that big data analytics
investment will go from $7.6B in 2011 up to $84.69B by 2026.
Banks are investing into big data analytics in order to prevent fraud and uncover less creditworthy customers
(The Economist, 2012a). According to The Economist (2012a), bank Citigroup hired Watson from IBM to
help deciding on new products and services to offer to its customers. Paypal created a computer system
called Igor which spread to the banking world because it is capable to detect patterns, such as concentration
of payments close to the top limit in order to prevent fraud (The Economist, 2012a).
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From a competence perspective, IDC (2015) and The Economist (2010) raise concerns about not having
qualified and skilled staff to respond to the increasing demands of big data analytics.
The investment’s forecast, exemplified by banks investing in the BDA technology and the concerns about
a shortage of qualified staff in big data analytics bring up the second proposition:
P2: Firms are investing or plan to invest massively in big data analytics in order to have a competitive advantage.
IBM Watson and SaS BDA’s solution can be applied to several different industries as shown in Table 2.1.
McKinsey Global et al. (2011) also claim that big data analytics can bring value to several domains, such as
health care and working capital in manufacturing. Kusiak has demonstrated through his researches that big
data analytics and data-driven approaches can bring benefits to a multitude of domains (Altuntas et al.,
2015b, Altuntas et al., 2015a, Kusiak, 2009, Kusiak et al., 2013, Wei and Kusiak, 2015, Zeng et al., 2016).
Kusiak (2015) states that several business sectors can leverage on big data analytics to gather a better insight.
The Big Data Value Association’s 2016 report mentions that exploiting big data in various sectors can
improve the European GDP10 due to data as a primary asset, and develop society in all industries as well as
having positive impact on social-economic aspects (2016). Likewise, the Center for Data Innovation’s 2016
report claims that big data will provide a better understanding of the world, improve economic productivity
and quality of life (MacDonnell and Castro, 2016).
The BDV report and the CDI report reflect respectively that an open data approach can effectively
contribute to data-driven innovation, hence benefiting all sectors, public or private. (Big Data Value
Association, 2016, MacDonnell and Castro, 2016).
In healthcare, data coming from different sources can provide quality insights and capture the best field
practices (Batarseh and Latif, 2016). Figure 2.9 shows a concrete example where different sources of data
in the health domain are combined in order to provide better insights (Wang et al., 2016).
All those examples of usage of big data analytics in different economic sectors construct the third
proposition being:
P3: Big data analytics is a general purpose technology thus can bring value across different industries.
Proposition 3 supports the following flows: a BDA solution can be applied to several sectors, BDA in sector
A can become the source of data to sector B and that different sources of data can be combined in BDA.
Reflecting upon the propositions, P1 focus on the importance of big data analytics in innovation whereas
P2 concentrates on companies investing on BDA. Finally, P3 emphasizes that a BDA solution and its data
can be a GPT as it can be re-used in different economic sectors.
In Figure 2.8 and Figure 2.9, Kusiak (2015) and Wang et al. (2016) introduce respectively their conceptual
frameworks regarding big data analytics. The theoretical framework specifies a common illustration of
relationships between items in a given phenomenon. The conceptual framework, on the other hand,
embodies the explicit path by which the research will have to be taken on (Swanson and Chermack, 2013).
For this reason, the theoretical framework is derived from the conceptual framework and validated by
propositions 1, 2 and 3 as seen in Figure 3.1.

10

GDP: Gross Domestic Product
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Figure 3.1 - Theoretical framework validated by propositions 1, 2 and 3.

Propositions 1, 2 and 3 can be visualized in Figure 3.1 and they are connected to the innovation chain with
big data analytics. On the data storage phase the information available in the company, or any other data
coming from different sources, becomes a source for BDA. Challenges, like, database technology used, high
capacity to transfer and store, legal and security aspects, as well as combining private and public data sources
are the most common in this phase. Once the data is collected and available, the data analysis phase is
responsible to use analytic methods (e.g. data mining, machine learning, text analysis, statistical analysis, etc.)
to process and analyze the information. That information is then used in the innovation knowledge phase where
improvements, new products or services can be created, discovered or triggered.
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4
4.1

Methodology
Research Approach

Understanding the role of big data analytics and how to leverage on it as innovation has not been fully
investigated yet.
The research question “what is the role of big data analytics in the innovation process?” focuses mainly on
the “what”, which in this case, is an exploratory question. The rationale behind this type of question justifies
conducting an exploratory study by developing pertinent propositions for further inquiry (Yin, 2013).
According to Yin (2013), any of the five research methods (i.e.: experiments, surveys, archival analyzes,
histories and case studies) can be used.
For this reason, the study is explorative using a qualitative approach primarily validated by interviews and
supported by one exploratory survey. The analytic strategy is to search patterns and insights by juxtaposing
data from those two different data collection models (Yin, 2013). As the study is relying on theoretical
propositions, the data collection is yielding towards those propositions and a pattern-matching analytical
technique compares an empirical pattern based from the findings with the predicted one from the
proposition (Yin, 2013). Finally, since data information is coming from two different sources, triangulation
is applied to increase the validity of the study (Creswell, 2014).

4.2

Research Design

The purpose of the thesis is to understand what role big data analytics plays in regard to innovation. The
problem formulation and purpose, as well as the research question, evolved through time due to the theory
investigation, the findings and the tutors’ and peers’ reviews. It required from the authors adaptation and
openness to new paths until finally settling on the definitive problem formulation and purpose. Even though
BDA can be used in different industries, the company selected for the interviews confirmed to be using
BDA for over three years. Although the initial intention was to base the validation only on interviews, it
became obvious that the three propositions from the theoretical framework couldn’t be validated only with
that source of information. For this reason, an exploratory survey has also been introduced as a supporting
method to collect additional data. Figure 4.1 details the timeline of the data collection.

Figure 4.1 - Data collection timeline.

Each one of the propositions is validated first by the interviews and supported by the survey. The interviews
provide a great granularity on details and give the opportunity to ask more questions about BDA and
innovation, thus increasing the understanding of the findings. Whereas the survey procures an overall
coverage of the three propositions as it involves more participants from companies working in different
economic sectors.
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The empirical design of the thesis is introduced in Table 4.1. It contains the different research methods
utilized to collect information relevant to the three propositions based on specific questions or approaches.
For instance, the e-mail and phone approaches are unstructured and based on open dialog.
Propositions
Research Method

Interviews

E-mail
Phone
Face to Face
Questions

Expectations

Survey

Online Survey
Questions

Expectations

P1 - BDA gives the
possibility to discover new
insights hence BDA is a
contributor to innovation.

P2 - Firms are investing or
plant to invest massively in
BDA in order to have a
competitive advantage

P3 - BDA is a general
purpose technology thus can
bring value across industries

x Open dialog
x Open dialog
x What are the real
benefits you see using
big data analytics?
x Was any innovation
created with big data
analytics?
x Can big data analytics
be used to create value
innovation?
x Can we have some
examples of previous
big data analytics
implementations
impacting on value
innovation?
x Example of feature or
product created with
BDA.
x Explanation on how
the feature or product
has been triggered.
x Example that BDA can
be an innovation.
x Is a big data analytics
solution used for
innovation?
x If big data analytics is
not used for
innovation, what is big
data analytics used for
in your organization?
x Are there any
quantifiable benefits to
use a big data analytics
solution in your
organization?
x BDA is used to trigger
innovation.
x Half of the
respondents are using
BDA.

x Open dialog
x Open dialog
x Open dialog

x Open dialog
x Open dialog
x Open dialog

x Investments in
headcount,
competence and
material related to
BDA.

x Example where BDA
can be applied in
different economic
sectors within the same
company.
x Reusability of a BDA
solution.

x Does your company
use a big data analytics
solution?
x If your company has
not adopted a big data
analytics solution, is it
possible to explain the
reasons behind?
(Financial, political,
strategic, etc.)

x Which industry does
your company belong
to?
x Which country is your
company based in?

x Investments in
headcount,
competence and
material related to
BDA.

x BDA is used in
different industries.

Table 4.1 – Empirical Design.
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A total of three interview questions was not tailored to any proposition but allowed to open the door for
an open discussion. Those three questions are:
x How you, your area or company started with big data analytics? (BDE11 Form)
x What is your experience with big data analytics? (BDE Form)
x Are you familiar with big data analytics? (IE12 Form)
Also, for two of the interviewees, no anticipated questions were prepared as the goal was for the interviewees
to share their experience with big data analytics. The questions raised were to obtain clarification on some
concepts or details regarding an infrastructure using big data analytics.

4.3

Research Method

As stated previously, two research methods are used: interviews and a qualitative survey. The primary data
is the interviews but supported by the qualitative survey as secondary data.
The justification behind the selection of the methods is to investigate the role of big data analytics in the
innovation process from different perspectives. The interviews bring a qualitative view from different key
players in the innovation and big data analytics arena and explain their perspectives and opinions in the
matter. Whereas the survey brings an understanding of innovation methods usability and coverage as well
as usage of big data as input to innovation methods from different economic sectors. The interviews help
gain in-depth perspective whereas the survey is meant to generalize.
4.3.1

Data Collection


For the qualitative interviews, the authors conducted some face-to-face and phone interviews with the
participants, depending on their location. Once all the data was consolidated, analyzed and summarized,
member checking was performed on the final summaries for accuracy (Creswell, 2014). Appendix F contains
the texts validated by the interviewees. Two interviews were unstructured and involved a few open-ended
questions intended to elicit views and opinions from the interviewees.The interviews were mainly guided
by the literature of Kvale (2007) and Saunders et al. (2007). The semi-structured interviews were used for
four interviews. A semi-structured interview is by definition “an interview with the purpose of obtaining
descriptions of the life world of the interviewee with respect to interpreting the meaning described
phenomena” (Kvale, 2008, Saunders et al., 2007). The interviewees are all accomplished specialists in the
domains of big data analytics or innovation. The main objective is to explore their views and experiences
regarding big data analytics and innovation while not losing sight of the research question. Two interview
forms were created containing questions specific to each expertise area. The two forms, BDE form and IE
form can be found in the appendix D and E respectively.
For the qualitative survey, the authors conducted an online survey with Google Forms which is part of
the Google Docs suite. The online survey is the preferred method as it has several advantages as stated by
Fowler (2008) and Kalantari D et al. (2011). The survey is easy to create and once created, it is extremely
fast to send and to collect the answers. It is also simple to link information from other websites for additional
explanations on the questions. Moreover, there is no cost involved as it is a free service, although it requires
a login and password to Google drive. Finally, a notification is received by e-mail each time a participant
has completed the form and the results are compiled and easily visualized.
Google Forms is a tool that collects information from users via a personalized survey. The information is
then collected and consolidated in a visual output like pie charts. Information is also automatically connected
and populated in a spreadsheet (google or csv format). It is possible to view the responses as a summary or
per individual. The types of scales used to measure are: categorical scales like multi-options (i.e.:

11
12

BDE Form: Form used for the Big Data Expert
IE Form: Form used for the Innovation Expert
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yes/no/maybe, very important to not important, etc.) and unstructured format such as open text so the
participant can express his/her opinion.
Due to lack of time, only three people tested the survey before being officially released. Two of them were
the authors whereas the third person was a random selection. Feedback was taken into consideration to
fine-tune the survey. There was also an open question where participants had the opportunity to provide
comments, and none were received related to the survey.
4.3.2

Interviews and Survey

Interviews
The interviews targeted employees and consultants working within the same company. As the authors are
also employed by the same company as the interviewees, material and resource access were simplified.
In order to keep the confidentiality of the company name, its internal processes and people’s names, the
company is referred as “CompanyX”. Some processes and internal structures are slightly renamed and the
individuals that participated to the interviews are identified by their job position. Also, to simplify the study,
the gender used when speaking about the individuals are masculine.
The aim of the interviews is to ask questions targeting big data analytics and innovation. The interview
questions for a big data analytics expert focus on big data analytics expertise. The purpose of the interview
is to understand their experiences with big data analytics and its relationship to innovation. Whereas the
interview questions for an innovation expert focus on innovation expertise. The purpose of the interview
is to find information that will support the three propositions cited in the theoretical framework.
Both type of interviews, big data analytics oriented and innovation oriented, are a conceptual form to collect
the experience around the theme and factual form (Kvale, 2007). A total of six persons were formally
interviewed in order to gather data to support the propositions. The semi-structured interviews are used
because that type of form allows an explanatory but also an exploratory approach to the research question.
It permits to understand the relationship between variables, as stated by Saunders et al. (2007). Same can be
said about the unstructured interviews: by using a few number of open-ended questions it elicits views and
opinions from the participants (Creswell, 2009).
I-1 was selected and interviewed first due to his experience driving big data implementations for several
years as a consultant for CompanyX and other companies. It was a great entry point to gather information
about big data and what it entails. I-4 was selected due to his role towards innovation within CompanyX.
He is responsible for innovation management. I-6 and I-5 were selected because they are currently in one
project built upon BDA. The unstructured interviews were performed with I-6 and I-5 because their focus
is not big data but instead continuous improvement. I-6 recommended contacting I-2 and I-3 to gather
more information about analytics and cost related to big data.
Table 4.2 contains the consolidated details regarding the different interviewees, title/job position, type of
data collected and the main questions or the interview form used. Those main questions can be associated
to the three propositions from the theoretical framework presented in Chapter 3.
The first encounter with I-1 was by phone, followed by a face to face interview, and finalized by e-mail
exchanges. The phone and face to face interviews were mainly unstructured and with open-ended questions.
For the face to face interview, the BDE form was used, using the conceptual form (Kvale, 2007), and the
flow of the conversation went in all directions exploring big data analytics and innovation topics, from a
technical, business and model perspectives. The duration of the face to face interview was 1.5 hours.
The interview with I-4 was face to face. I-4 has been responsible for innovation globally within CompanyX
for number of years. The interview was semi-structured as the IE form was filled-out. The duration was
one hour.
23

Interviewee I-5 is responsible for the continuous delivery project. He has been employed by CompanyX for
over 10 years. I-5 has accepted to meet the authors at a few occasions to explain how continuous delivery
was initiated and the evolution of it. He also clarified a few questions by e-mail.
The interview with I-6 was over the phone since that person lives in a different city. He has been employed
by CompanyX for over 10 years. The phone conversation lasted about 30 minutes. The main question was
to know if the analytics used on big data can be applied on small data and if big data analytics has triggered
any innovation.
The interview with I-2 and I-3 was face to face, at the same time and place. I-2 is an industrial PhD student
interested in big data type of techniques and I-3 has been employed by CompanyX for over 10 years. Having
a combined interview was beneficial as the technical and management aspects were captured simultaneously.
Both I-2 and I-3 worked for a number of years in big/small data management and data analytics. The
interview was semi-structured and the BDE form was followed. The duration was one hour.
Table 4.2 consolidates the different interviewees, interaction’s type, forms and questions used during the
interviews. More details on the dates can be found in appendix C.
Identification

Title/Job Position

Interviewee I-1

Data Infrastructure and
Analytics Expert

Interviewee I-2

Industrial PhD working in
Research
Capability Management

Interviewee I-3
Interviewee I-4
Interviewee I-5

Interviewee I-6

Responsible for Innovation
Management, Group
Functions Strategy
Program Manager –
Continuous Delivery Project

Design Architect Data
Infrastructure and Analytics

x
x
x
x
x
x
x

Type of data
collected
E-mail
Phone
Face-to-face
E-mail
Face-to-face
E-mail
Face-to-face

Questions/Forms

x BDE Form (Face-to-face) – semistructured

x E-mail
x Face-to-face

x IE Form (Face-to-face) – semistructured

x E-mail
x Phone
x Face-to-face

x Tell us how the usage on big data
analytics is bringing value to the
company? (P2)
x Unstructured
x Can big data analytics output trigger
new products or features? (P1)
x Unstructured

x Phone

Table 4.2 – Consolidation of interviewees, type of interaction and forms used and questions asked.

The Survey Design
The survey is cross-sectional since the data collected was at one point in time, from April 12th to April 22nd
2016, a period of 10 days (Creswell, 2014).
Kalantari D et al. (2011) states that there are two types of survey societies: one “known” and “certain”
where the surveyor knows the quantitative and sociological characteristics and has information such as email addresses and one “uncertain” where it is impossible to communicate via e-mail as there is no address
book or list. In the context of this thesis, the society type is known and certain.
The prime focus of the population was to target executives such as CEOs, owners, founders or top
executives of companies. The logic behind is that those individuals should have the knowledge and/or
should be the instigators of the company’s strategy. Hence the assumption is that they should know how
their enterprise is driven from a strategic stand-point.
Some of the participants were known by the authors, others not. Some of the individuals were selected
through the business-oriented social networking service LinkedIn and through other personal contacts. The
24

sample covers several countries and industries as seen later on in Table 5.1. The majority of the respondents
want to keep their anonymity. The sample is a convenience sample since the participants were selected based
on their convenience and availability (Creswell, 2014).
Approximately 52 candidates were contacted however 19 showed interest to answer the form and only 15
completed the survey on time. The response rate was 29%. The low response rate is mainly due to lack of
time and interest. Although the wanted number of participants was around 50, only 15 participants
completed the survey (N=15). As per De Beuckelaer and Wagner (2012), the size of the sample is small
since it has less than 30 observations.
The response rate and the convenience sample could introduce selection bias. For instance, the ones
working with BDA will answer back because they are proud of it whereas the rest might not.
Table 4.3 summarizes the two main folds of the survey: one regarding innovation and the other regarding
big data analytics. The reasoning behind the questions related to innovation processes, such as asking about
which innovation methods are used in the firm, was to help the participants to establish the link between
big data analytics and innovation. The second fold aims the heart of the study and consequently the
propositions from the theoretical framework.
The innovation processes selected were: The Innovator’s Method, Stage-Gate System, Lead-User Process
and Value Innovation. The reason for selecting those four methods was based on the feedback from I-4
and what the authors deemed popular. The participants had the opportunity to mention another
methodology if applicable and they had the possibility to select one or several processes.
Area
Innovation and
innovation process

Big data analytics

Questions
x Is innovation important for your company?
x How much time and resources does your company dedicate to innovation?
x Does your company use the: innovator’s method? Stage-gate system? Lead user process?
Value Curve? Other?
x Does your company use big data analytics Solutions? (P2 and P3)
x Is big data analytics solution used for innovation (P1, P2 and P2)
x Is there any quantifiable benefits to use big data analytics Solution in your organization
(P1, P2 and P3)

Table 4.3 – Consolidation of survey questions connecting innovation and big data analytics.

By asking the question “does your company use a big data analytics solution?”, it will indicate if that
company is investing into BDA, which is related to P2. The second question “is big data analytics solution
used for innovation?” helps understanding if the intention of the company is to use BDA to gather insights.
That question is supported by another question “is there any quantifiable benefits to use a big data analytics
solution in your organization?”. Indeed, examples can provide a tangible explanation on the usage of BDA.

4.4

Data Analysis

Only the semi-structured face-to-face interviews were audio-recorded and then transcribed. The interest is
not only what the participants have said but also the way they said it (Saunders et al., 2007). However, due
to the huge amount of time to transcribe the recordings, data sampling has been used as an alternative way
to reduce the time (Saunders et al., 2007). The sections transcribed are the ones related to the research
question. For the unstructured interviews, the interviewees provided information that has been consolidated
as one case and the summary outlines how BDA brought value to their company. Sensitive information
related to “CompanyX” has been excluded from all summaries. As mentioned earlier, all interviewees had
the opportunity to read and approve their corresponding summary.
Categorization and coding method has been used in order to organize the interviews and survey’s data. P1
was represented by pink, P2 by yellow and P3 by green. Each response has been evaluated to confirm or
contradict propositions P1, P2 or P3. Following the assessment, the response is highlighted in the respective
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colour. Figure 4.2 shows an extract of the interview with innovation expert I-4 showing information coded
pink and green, thus corresponding to P1 and P3 respectively.

Figure 4.2 – Example of data color coding extract for innovation expert interview.

Once that information has been parsed and organized, it is then reduced and categorized against the three
propositions. The empirical analysis of the interviews and the survey are consolidated in Chapter 5.
Following that, triangulation of the information can be performed. Each author has performed their own
analysis separately in order to reduce bias during the interpretation of the results.

4.5

Validity and Reliability

When referring to qualitative validity, Creswell (2014) defines it as checking for the accuracy of the findings
by employing certain procedures. The qualitative reliability is an approach that is consistent across different
researchers and different projects (Creswell, 2014).
The small sample size for the survey and interviewees can be potential threats to the validity. Since the
interviewees are all working within the same company, it limits the applicability of the results to this
company and corporate culture. It makes it difficult to generalize to the outside world, hence limiting the
external validity to notions learned through the interviews. On the other hand, the selection of very
knowledgeable and experienced individuals in the domain of big data and innovation should secure the
reliability of the results. Regarding the survey, selecting top influential individuals in the firms should
safeguard a certain level of the veracity of the information collected. Also, the survey gathered information
from companies working in different economic sectors.
For proposition 2, since it is related to investments and financial figures, it is expected that the participants
will neither not know nor have that information. They can decide to keep that information confidential as
it can be part of the company’s strategy. To counteract this threat, the authors will instead focus on
investment behavior like hiring statisticians or buying new servers for machine learning data processing.
There is a risk of collecting incorrect or false answers. Respondents can be biased in their views regarding
big data analytics and the innovation process. During the semi-structured and unstructured qualitative
interviews, difficulties, such as misinterpretations or insufficient information were addressed by repeating
or reformulating questions or by paraphrasing the answers. A research question that is well formulated
increases the internal validity.
Obtaining a high level of internal reliability is no easy task when conducting a qualitative research since
subjectivity and personal perceptions are part of the mixture.
Some obstacles were mitigated since the two authors were present in the interviews, hence ensuring internal
reliability.
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5

Empirical Findings

This chapter will start by explaining the context from where the data has been collected from. As mentioned
earlier, all the interviewees are employed or contracted by CompanyX. For that reason, a brief overview of
CompanyX will be provided as well as a description of the pool of participants for the survey. Available
data for the analysis such as semi-structured and unstructured interviews together with the survey output,
will be either affirming or refuting the propositions from the theoretical framework introduced in Chapter
3.

5.1

The Context

CompanyX is a global company spread across the world with more than 100 000 employees and providing
products and services for more than 100 countries. It is one of the leading companies in the ICT13 industry,
with a high number of global patents (above 30 000) and investments in Research and Development (above
4 billion USD per year).
CompanyX has a large portfolio covering networks, services and support solutions with core values to serve
customers and develop high quality equipment, making the company one of the biggest network provider
in the world with more than 30% of the global mobile traffic using CompanyX’s products (CompanyX
website, 2016). Having the innovation as the essence and keystone to develop new products and services,
CompanyX brings innovation as part of the everyday work through the research teams, customer insights
and other initiatives in order to deliver excellence.
For fault finding and monitoring, CompanyX used traditional data storage with some data analytics methods
to post-process the data. When CompanyX wanted to introduce the concept of Continuous Delivery14, a
trial was initiated to assess another alternative consisting of a big data analytics infrastructure and additional
methodologies. Some of the new methodologies were statistical methods such as T-Test and Bayesian
approach as well as machine learning algorithms.
The six interviewees, during the data collection stage raised at some point the following question: but, what
exactly is big data analytics? Although the definition of big data analytics is assumed to be understood by
everyone, the interviewees felt the need to align descriptions by going back to the basics and secure that the
authors had the same view.
Regarding the survey, the participants are coming from several different industries and countries. Table 5.1
displays the different participating companies and their specific industrial domain as well as their base
country. Some of the companies work in the primary sector such as oil and gas or metallurgy which are
handling natural resources. Others are within the technological domain like robotics and
telecommunications or the industrial sector like manufacturing. Regarding location, most of the companies
are global or based within Europe and North America, which shows some diversity.

13
14

ICT: Information & Communications Technology
CD is the concept of continuously delivering upgrade packages to customers.
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Table 5.1 – Survey Results: Industrial Domains and Locations.

5.2

Insights and Innovation

I-1, the expert in data infrastructure and analytics, states that one of the first steps towards innovation and
big data analytics is to know what data to collect, how to collect it and how to transport it. In order to do
so, a supporting infrastructure needs to be in place. Initially, various source of data is collected and gradually,
because the understanding of what is needed becomes obvious, the data collected is funnelled down to the
wanted information. Once the right data is captured, then the exploration step is kicked off: “playing”
around with data, looking at different things, asking questions, etc. At that point, there will be a need to go
back and collect more and/or different data. Thus, I-1 claims that innovation with big data analytics is an
iterative process: innovation is triggered by an evolving process.
I-1 gave an example supporting the statement that big data analytics brings value. Every minute, their system
collects the information related to every process being executed on the servers. By doing that, they realized
that a lot of new machines are being purchased but are not used in an efficient way. So by collecting all the
processes of all the machines worldwide (more than 20 000), they were able to properly forecast the usage
of those servers, hence adjust the purchases. They even detected some seasonal trends.
I-1 discussed about machine learning. He mentioned that machine learning is an interesting computer
science area that can trigger a lot of insights. Machine learning can access very low resolution of data because
the technology itself enables possibilities that were not feasible on a traditional relationship database. The
relationship database was prior to big data analytics. In other words, machine learning allows finding trends
or other interesting things that the human is unable to see or detect. The paradigm change is that the
technology today allows to keep all the data due to low cost HW15 and can zoom in and out as well as move
easily data as needed for analysis. The statistical methods allow narrowing down, and machine learning gives
visibility. In conclusion, I-1 claims that big data analytics alone will not generate innovation but can be a
major contributor if an iterative approach or evolving process is in place. One of the most important inputs
that BDA can provide is insights on how customer’s behaviors are changing.
On the same vein regarding innovation, I-3, the capability manager, states that humans need to interact with
the results in order to get ideas. I-2, the industrial PhD, confirms I-1’s statement regarding machine learning:
big data analytics cannot trigger ideas but machine learning will be able to do so in the future. However,
techniques for handling unstructured text is key and need to be refined and improved, and then be included
in the analysis for machine learning to trigger innovation.
15

HW: Hardware
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When it comes to big data analytics such as machine generated data and customer data, I-4, the expert in
innovation management, mentions that big data analytics could be a great potential to trigger innovation. It
can identify a lot of improvements and problems to be fixed. The risk seen by I-4 is that the approach is a
limited window on the use of the product. If the intention is to design the next generation of products, it is
required to have different sources of data and a broader data set. As such, ethnographic knowledge needs
to be captured. For instance, it is important to meet the people who are buying, installing and running the
products and understand what their problems are on a daily basis when interfacing with those products.
That information will never be captured from a single data stream. If it is not possible to capture that, it is
not possible to put a compelling value proposition in customers’ hands, hence no innovation can be created.
In summary, I-4 formulated the following key sentence: “We need to innovate on broad data sets. We need
to capture complex data streams from multiple sources, draw conclusions and innovate based on those
conclusions. That is part of insight.” I-1 wrote a comparable statement that a big data strategy is more of a
tool than a magic solution and that the human touch is required to take decisions.
Based on interviewees I-5 and I-6, program manager in CD and design architect in data infrastructure and
analytics respectively, the main goals for continuous delivery were: faster customer feedback, increase
monitoring coverage and quickly assess the worst issues. After their CD trial, the three goals were met.
Customers were satisfied with the improved turnaround time regarding issues going from a minimum of 15
days to a maximum of 8 days. The team effort is reduced by 80%, the number of scopes is multiplied by 6
and the cost for reporting is null when using big data while having a coverage of 100%. A red flag is issued
when major faults are detected, faults difficult to be spotted by humans. The priority and severity of an issue
is assessed by a human. CD is seen as a big feedback loop.
I-6 explained that the fact that data collection and analytics existed with the old infrastructure made it fairly
easy to choose which metrics and data to use in order to achieve the goals. This means that the strategy and
measurements were settled. New statistical methods were introduced hence the analysis has changed
providing new type of results. He also added that initially the tool was very sensitive to any metric change
and a 0.01% delta was triggering a red flag. Eventually, the developers fine-tuned the sensitivity so the tool
would lift a red flag only when required.
The survey reveals that 40% (6/15) of the companies are using a big data solution and that 47% (7/15) see
a benefit to use big data analytics. Lastly, 34% (5/15) states that their company is using big data analytics
for innovation. Those numbers are reflected by the pie charts in Figure 5.1. Which means that almost 1 out
of 2 companies believe that big data analytics can bring value to their business and more than 1/3 have
already implemented big data analytics in their firm. As mentioned in chapter 4.5, due to small sample of
the survey, is not possible to generalize this result to the outside world.
When breaking down the data, some of the participants that stated not using big data analytics, indicated
using big data analytics for innovation, which contradicts each other’s statement. For this reason, only the
respondents stating using big data analytics and using big data analytics for innovation are taken into
account. Taking that approach, 27% (4/15) of the participants are using big data analytics for innovation.
Participants of the survey disclosed several specific benefits of using big data analytics in their companies.
By adding a real-time view capability, BDA can enable the personnel to be more responsive in day-to-day
situations. BDA helps improving quality and consequently customer satisfaction. For document processing,
BDA reduces the risk of encountering human error and reduces cost while increasing quality. In addition,
efficiency is increased since reports that were taking a week to be produced can now be produced within a
day. By collecting multiple parameters like geo-location and gender, BDA could potentially lead to target
solutions for different customers. BDA helps with simulations and analysis and the results are crucial in
order to create new insurance products and get a bigger share of the market. And finally, BDA helps gather
a better understanding of business trends and helps to be better prepared when markets change, which
results in increased productivity and better market forecast.
I-6 confirmed that without big data analytics, it would have been impossible to implement continuous
delivery (CD). In the appendix F, Table 9.1 and Table 9.2 demonstrate the benefits of using big data analytics
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from a cost, time and resource perspective. When asked if CD created any new features or new products,
the answer from I-6 is no yet. He explains that the purpose of CD was to improve the product quality and
there was no mandate to use the new infrastructure to trigger insights for new products or features. I-6
affirms that CD is an innovation by itself since it has changed the business model. He also added that there
is a possibility to re-use the data collected for other purposes if another internal department or organization
is interested to investigate insights, leading to create new features or products.

Figure 5.1 - Big data analytics, benefits and innovation pie charts.

Concrete examples of innovation with big data analytics were provided through the interviews: for instance,
forecasting servers’ usage and the continuous delivery concept. Machine learning has the potential to trigger
innovation with the help of humans. The combination of data, including big data analytics and ethnographic
data can help trigger innovation. Finally, 47% (7/15) of the survey participants stated that there are benefits
to use big data analytics. The examples of benefits cited by the survey’s participants are innovative because
they are bringing value to their business. All those comments reinforce the proposition P1 that BDA gives
the possibility to discover new insights hence BDA is a contributor to innovation. From a flow perspective, BDA can
trigger innovation, as seen with the examples. But also that BDA can be an innovation, such as developing
a new and improved statistical method based algorithm for CD.

5.3

Massive Investments

Generally, an investment is the purchase of goods in the hopes that it will create wealth in the future. The
typical investment is money, but it can also be time.
I-1, the big data analytics expert, started the data collection approach in 2011 only in the IT environment
by analyzing internal queuing of processes. After noticing the value of the data-driven approach, the thought
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was to expand big data analytics to other areas. In order to do so, a business case is required and an estimated
Return of Investment (ROI) is needed for companies to consider investing in a new technology or approach.
Once the green light is granted, some other areas like R&D16 can take advantage of this new technology.
One concrete example cited by I-1, is re-using some parts of the implementation from IT to a design unit
and manage to decrease the processing time of raw data from 6-7 hours down to 3-4 minutes.
Big data analytics, as defined by I-1, is a set of technology pieces that allows to capture a lot of data and to
crunch that data very fast. The infrastructure is composed of a tremendous amount of technological pieces
which are difficult to combine and stabilize. The right architecture can accelerate innovation with big data
analytics. In relation to one of their big data infrastructures, I-1 indicated that although the first
implementation was in place four years ago, it required constant tuning and improvements from a
component and configuration stand-point. Which means that time, money and resources were allocated for
that period of time in order to achieve a stable and efficient BDA infrastructure. Another point that I-1
brought up was that the aim is to always collect raw data since it has the highest statistical value. I-1 believes
that the combination of data analytics with the core business can create a competitive advantage for a company.
I-3, capability manager, explains that data has been used in the company for a very long time. But the growth
of data in the recent years forced the company to manage data volumes in a different way. At that point,
they started to investigate different avenues and to leverage on statistical methods and machine learning.
Regarding the cost, although data storage is very affordable nowadays, I-3 mentions that it is not possible
to compare a warehouse versus a big data analytics infrastructure. Big data analytics needs planning and
understanding and to know what the data cluster will be used for is fundamental. Information like volume,
access times, type of data, etc. is required. Different types of BDA architectures can either increase or
decrease the cost, consequently awareness on the purpose of a data cluster is crucial from a cost perspective.
Conversely, in I-3’s opinion, the benefit of big data analytics is not cost, but instead gain in efficiency. So it is
an investment on the long run.
I-2, industrial PhD researcher, mentions that due to the evolution of information technology, more and
more companies are investing in the position Chief Data Officer (CDO). In a nutshell, the CDO is
responsible for the company’s wide data and information strategy, governance, control, policy development,
and effective exploitation. The role combines accountability and responsibility for information protection
and privacy, information governance, data quality and data life cycle management, along with the
exploitation of data assets to create business value (Gartner, 2015b). Actually, the prediction of Gartner is
that 50% of all companies in regulated industries will have a CDO by 2017. I-2 didn’t specify if that role
exists in CompanyX today. During the interview with I-1, one of the authors showed concern regarding
competence. BDA is not only an investment in hardware but also in competence and knowledge ramp-up,
which can be costly for a company. I-1 replied back explaining that companies need to adapt to new realities
and possibilities. The bigger is the company, the slower is the adaptation. Nonetheless the adoption to the
new reality is needed, hence an investment in competence is required.
Interviewees I-5 and I-6 are working today with CD full time as well as their respective teams. This means
that their company is still engaged in investing in CD and big data analytics. Resources, such as man hours,
hardware and software are continued to be purchased. Knowledge and competence ramp-up in analytics is
also pursued for the development of CD. And finally, new graduates in the statistical and mathematical
domains were hired in the past few years to work with CD.
As mentioned in chapter 5.2, 40% (6/15) of the companies from the survey are using a big data analytics
solution, which indicates that the companies are investing into BDA infrastructure. Moreover, one of the
participants of the survey confirmed that although his company is not yet using big data analytics,
management is fully committed to the benefits of BDA and supports the implementation. BDA is part of
their improvements and full implementation is expected by 2020.
From a cost perspective, it is clear that according to the interviews of I-1, I-2 and I-3, investments in BDA
are being made and those arguments are also supported by interviewees I-5 and I-6. From the survey, not
16

R&D: Research and Development
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only are six (6) companies using big data analytics, but also a seventh company is revealing that management
is committing to implement BDA. Yet, no quantification was provided on how much have companies
invested or how much they will invest. There are no financial figures or percentages available. I-2 brought
up the CDO role, a specific role around wide data and it is expected to be in place in 50% of the companies
by 2017. However, that role was not confirmed to exist in CompanyX. This is partially supporting
proposition P2 which states that firms are investing or plan to invest massively in BDA in order to have a competitive
advantage.

5.4

Crossing Business Sectors

Regarding the third proposition, the interviews provided a narrow view as the majority of participants are
working for the same company although in different business sectors. The survey provides a broader sight
as it contains the views of different economic sectors.
CompanyX has several different units, located globally. I-1, BDA expert, stated previously that big data
analytics has been initiated in the IT domain. After seeing the value, they decided to apply the data-driven
approach to other domains through business cases. Eventually, big data analytics was also used in R&D.
One of the advantages to apply big data analytics from one domain to another domain is the time to value.
There is no need to implement everything from scratch and parts of the solution can be re-used in different
domains.
I-4, innovation expert, brought up a pertinent question when he asked the authors the following: “what data
should we look into in order to bring more value?”. Interviewee I-4 reflected upon the fact that maybe the
key data is not coming from their own products but instead from another domain not related to the company.
It is possible to capture another type of external data that can maybe bring value to the company from
another angle. Furthermore, mentioned earlier by I-6, data collected by CD can be re-used for other
purposes if another internal department or organization is interested to investigate insights. Those captured
comments expose two things: that data can be a raw material and that data can be re-used either by other
companies (i.e. different economic sector) or for other purposes. That argument is reinforced by I-1. He
asserts that in order to capture insights, an hypothesis is needed as well as different sources of information,
that can be collected and pour into the BDA system.
From a global perspective, I-1 explained that when applying BDA to the IT domain, the servers were located
around the world, making the transfer of data challenging. However, with a good big data architecture, they
managed to overcome the problems and can now move huge amounts of data across the globe as if the
servers were co-located physically.
The survey results provided a broader view regarding industries. As said before, 6/15 respondents stated
that their company is using big data analytics. The six industry domains are: robotics & automation, payment
systems & transactions, metallurgy, insurance, ICT and electronics & power. Some are technological
domains such as robotics and ICT and the others are non-technological, such as metallurgy and insurance.
Hence BDA is a general purpose technology. One of the respondent mentioned that BDA is new for the
company and that they are learning to apply and use it. Although their intent is to use BDA for innovation,
they would like to use it as well in the process control. This indicates that they would like to apply BDA in
two different business sectors within the same company.
As for the location of those companies using BDA today, four (4) of them are Global/International, one is
located in Sweden and the last one is located in USA. BDA can be used cross-borders, anywhere in the
world, meaning it doesn’t have physical limitations.
The different locations, the different economic sectors and the raw data concept corroborates the third
proposition P3 that BDA is a general purpose technology thus can bring value across industries. From a flow
perspective, different sources of data can contribute to insights in a BDA system, hence supporting the
innovation framework.
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5.5

Empirical Findings Summary

Table 5.3 and Table 6.1 summarize the empirical analysis. The tables consolidate, in a segmented manner,
all the data collected and pertinent information related to each of the propositions. In Table 5.3 and Table
5.2, each column represents a proposition and each row corresponds to an interviewee. Their respective
contributions against one or all propositions are stated. In Table 6.1, the columns also correspond to each
proposition and the rows correspond to the contributions of the survey’s participants.
Part of the transcribed interviews can be found in appendix F and the survey results can be found in
appendix H.
Interviewee
P1 - BDA gives the
possibility to discover new
insights hence BDA is a
contributor to innovation.

Propositions
P2 - Firms are investing or
plan to invest massively in
BDA in order to have a
competitive advantage

P3 - BDA is a general
purpose technology thus
can bring value across
industries

Interviewee
I-1

x An iterative process with big
data analytics can trigger
innovation.
x Big data analytics brings
value.
x Machine learning is a
statistical area that can trigger
a lot of insights.

x Big data was implemented
once the business cases with
positive ROI were approved.
x Four years of continuous
improvements to settle the
right implementation and
configuration regarding big
data.
x Investing in competence is
required.

x Big data analytics was
initiated in IT but then was
re-used in R&D.
x To capture insights, different
sources of information are
needed.
x Store and transfer data
collected around the world.

Interviewee
I-2

x Techniques for handling
unstructured text are key and
need to be included in the
analysis for machine learning
to trigger innovation.

x More and more firms are
investing in the new position
Chief Data Officer.

x No comments

Interviewee
I-3

x Regarding innovation,
humans need to interact with
the results from BDA in
order to get ideas.

x Data growth forced
investigations into new ways
to manage data.
x Although data storage is
affordable, the benefit of big
data is not cost but instead
the gain in efficiency. It is a
long-term investment.

x No comments

Interviewee
I-4

x Big data analytics could be a
great potential to trigger
innovation.
x Part of insight is to capture
broad data streams from
multiple sources, draw
conclusions and innovate.

x No comments

x Capture external data that
can bring value from another
angle.

Interviewee
I-5

x CD provides faster customer
feedback, increases
monitoring coverage and
quickly detects the worst
issues.
x CD is a feedback loop.

x Teams are allocated full time
into maintaining and
exploring new avenues to
improve CD.

x No comments
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Interviewee
I-6

x Impossible to implement CD
without big data analytics.
x Initial understanding of what
data to collect and for which
reason.
x CD brought benefits from a
cost, time and resource
perspective.
x CD is an innovation since it
changed the business model.

x Investments in HW, SW and
competence ramp-up.
x Hired new graduates in the
statistical and mathematical
domains.

x Possibility to re-use the data
collected by CD for other
purposes (other departments
and organizations).

Table 5.2 – Summary empirical findings for interviews.

P1 - BDA gives the possibility to
discover new insights hence BDA
is a contributor to innovation.

Propositions
P2 - Firms are investing
massively in BDA in order to
have a competitive advantage

47% (7/15) of the participants see
benefits by using big data analytics.

40% (6/15) of the companies are
using a big data analytics solution.

Six (6) companies are using BDA in
the following economic sectors:
x Robotics & Automation
x Payment Systems &
Transactions
x Metallurgy
x Insurance
x ICT
x Electronics & power

34% (5/15) of the companies uses
big data analytics for innovation.

One case states that management is
fully committed to BDA and
expects full implementation by 2020.

One case states that they are
learning to apply and use BDA for
innovation but also in the process
control.

Examples provided as benefits using
big data analytics:
x Adds real-time view capability
by enabling personnel to be
more responsive.
x Improves quality hence
customer satisfaction
x For document processing,
reduces human error and cost
per quality.
x Time efficiency as new reports
are created within a day instead
of a week.
x Multiple parameters collection
could lead to target solution for
different customers.
x Helps with simulations and
analysis to create new products
and increase market share.
x Gathers a better understanding
of business trends.

P3 - BDA is a general purpose
technology thus bringing
potential value across industries

Global coverage of the firms:
x Four (4) are
Global/International
x One (1) is from Sweden
x One (1) is from USA

Table 5.3 - Empirical findings survey.
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6

Analysis

Now that the empirical findings are outlined in Chapter 5, the aim for this chapter is to establish the
connection between those results and the propositions from the theoretical framework in Chapter 3.
P1 - BDA gives the possibility to discover new insights hence BDA is a contributor to innovation.
Gobble (2013), McKinsey Global et al. (2011), Porter and Heppelmann (2014), Erl et al. (2015) and Kusiak
(2015) state that data, big data and big data analytics can bring insights and benefits. In the interviews, big
data expert I-1 stated that BDA brings value and innovation expert I-4 indicated that there is great potential
to trigger innovation with BDA. Design architect I-6 stated that CD, created with BDA, is an innovation
since it changed the business model. He also added that CD optimized cost, time and resources, seen as
benefits. Those arguments are supported by the survey by having 47% (7/15) of the participants declaring
that there are benefits to use big data analytics and 34% (5/15) using BDA for innovation. Therefore, big
data analytics triggers insights and benefits.
IBM, SaS and Kusiak state that machine learning can contribute to innovation. Indeed, Watson from IBM
uses advanced machine learning algorithms (IBM, 2016). SaS offers statistical learning and advanced
linguistic methods (SaS, 2016). I-1 and I-2 stated that machine learning can trigger insights. Thus no
examples in the findings supported those statements, machine learning, a component of big data analytics,
can in theory trigger innovation.
Conversely, some of the interviewees clarified that big data analytics alone cannot generate innovation. I-1,
the BDA expert, claims that big data analytics alone will not generate innovation but can be a major
contributor assuming an iterative approach or evolving process is in place. He also wrote that a big data
strategy is more of a tool than a magic solution and that the human touch is required to take decisions.
Similarly, I-3, the capability manager, states that humans need to interact with the results [from data
analytics] in order to create innovation. From a different angle, I-4, the innovation expert, mentioned that
in order to create insight, complex data streams from multiple sources need to be captured. None of the
above statements can be validated with the literature review.
SMART and the DIKW pyramid are models helping to reach an insight with big data analytics (Marr, 2015,
Erl et al., 2015). I-1 states that a first step towards innovation is to know what to collect and he also reflects
that big data analytics can trigger innovation through an iterative process. To know what to collect is
demonstrated in the SMART model and the iterative process is a form of feedback loop as explained by the
DIKW model. Moreover, I-6 explained that some analysis has been performed to understand what data to
collect and analytics to apply, which is on par with the SMART model. He also added that some fine-tuning
has been performed to reduce metric sensitivity, which can be considered part of a feedback loop. I-5 has
declared that CD was seen as a feedback loop. Consequently, the SMART and DIKW models can help big
data analytics to generate innovation.
With the above associations combining data collection, methods and tools, it is reasonable to assume that
BDA gives the possibility to discover new insights and that BDA is a contributor to innovation. However,
some information clarifies that BDA alone cannot generate innovation. Therefore, assuming that an evolving
process is in place and that humans are interacting with the results, it supports proposition 1 that states: big
data analytics gives the possibility to discover new insights hence BDA is a contributor to innovation. Finally, based on the
data analyzed, BDA can trigger innovation but also can be innovation from a flow perspective.
P2 - Firms are investing or plan to invest massively in BDA in order to have a competitive
advantage.
Through the years, Gartner published several articles forecasting massive investments in big data: big data
will drive $28 billions of IT spending (2011, 2012c), $232 billion in IT through 2016 (2012a) and more than
75 percent of the companies are planning to invest in big data (Gartner, 2015a). Columbus (2015) states
83% have pursued big data projects in order to seize a competitive edge. It will be hard to validate those
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numbers as the interviews and surveys are only a subset of that representation. Also, none of the participants
have disclosed financial figures as that information is either unknown or confidential.
According to I-1, the investment in big data analytics was granted because they presented a business case
and provided an optimistic Return of Investment (ROI). 40% (6/15) of the companies are using a big data
analytics solution, hence they have already invested in that technology. A survey participant admitted that
management is fully committed to the benefits of BDA and supports the implementation. In their case,
BDA is forecasted and full implementation is expected by 2020. Regarding investing time, I-1 stated that it
took more than four years of continuous improvements to settle a stable implementation and configuration
of a big data infrastructure. I-3 admitted that they were forced to invest in new possibilities when the growth
of data became non-manageable and investing in big data analytics is a long-term venture. I-5 and I-6 have
teams fully allocated to CD machinery and there is a constant investment in HW and SW. It can be
concluded, based on the behaviors reflected by the interviews and the survey, that companies are investing
in big data analytics although it is not possible to quantify the percentage or amount.
An IDC (2015) study predicts shortage of skilled staff by 2020 due to the high increasing demand for big
data. Aligned with this demand, The Economist (2010) says that people should be worried about how to
train the next generation, not just scientists, but people in government and industry to be prepared to the
“industrial revolution of data” and their impacts on the society. That is confirmed during the interview with
I-1, when one of the authors showed concern regarding competence. BDA is not only an investment in
HW but also in competence and knowledge ramp-up, which can be costly for a company. I-1 replied back
explaining that companies need to adapt to new realities and possibilities, hence should invest in
competence. I-6 shared that they have hired new graduates in the statistical and mathematical domains. I-2
stated that some companies have created the role of Chief Data Officer in order to adapt to the new reality.
Although the interviews and survey confirms that investments were made or will be made in BDA, the lack
of financial figures doesn’t support the amount of money spent in big data analytics. Moreover, without an
order of magnitude for the number of new hires with BDA competence, or the percentage invested in HW,
SW17 and headcount in BDA projects, it makes it difficult to justify the utilization of the word “massively”.
For those reasons, proposition 2 stating that firms are investing or plan to invest massively in big data analytics in
order to have a competitive advantage can only be partially supported.
P3 - BDA is a general purpose technology thus bringing potential value across industries.
Watson from IBM and SaS solutions can be applied to several different economic sectors as seen in Table
2.1 (IBM, 2016, SaS, 2016). McKinsey claims that big data analytics can be applied to different domains and
the statement is supported by numerous researches from Kusiak in industrial engineering (McKinsey Global
et al., 2011, Kusiak, 2015). BDV and CDI reports explain how and why big data can contribute to different
domains within Europe (Big Data Value Association, 2016, MacDonnell and Castro, 2016).
I-1 asserts that in order to capture insights, an hypothesis is needed as well as different sources of information,
that can be collected and pour into the BDA system. He stated that after seeing the value of big data in the
IT domain, they decided to apply the data-driven approach to another domain: R&D. One of the advantages
to apply big data analytics from one domain to another domain is the time to value. From the survey, six
industry domains using big data analytics were identified: robotics & automation, payment systems &
transactions, metallurgy, insurance, ICT and electronics & power. Also from the survey, one of the
participants disclosed that they would like to apply DBA for innovation but also for process control, which
are two different areas. In addition, I-6 mentioned that the data produced from CD can be re-used for other
purposes, departments or organizations to investigate insights. Thus, a big data solution and its data can be
re-used for different purposes and domains.
Data coming from different sources can provide quality insights and that is seen in the health domain by
combining three different types of data: patient behavior, R&D and clinical (Batarseh and Latif, 2016, Wang

17
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et al., 2016). I-4 stated that by capturing external data can bring value from another angle. Therefore, several
sources of data not necessarily related, if combined can trigger innovation through BDA.
Another point to bring regarding different sources of data, is the flexibility of big data analytics as it is not
physically limited. As I-1 explained, the data collection is performed from servers around the world, and
their solution is capable of storing and moving the data efficiently with BDA. Similarly, when looking at the
different companies using big data analytics from the survey, four (4) of them are global, implying that their
solution should be supporting multi-sites.
The fact that BDA can be used by different industries and its data can be re-used from one economic sector
to another deduces proposition 3: big data analytics is a general purpose technology thus can bring value across industries.
Different sources of data can contribute to insights in a BDA system, hence supporting the innovation
framework from a flow perspective.
Table 6.1 summarizes briefly all the conclusions against the propositions from the theoretical framework.
Propositions

Conclusion

P1 - BDA gives the possibility
to discover new insights hence
BDA is a contributor to
innovation

x By combining data collection, methods and tools, it is reasonable to assume
that BDA gives the possibility to discover new insights and that BDA is a
contributor to innovation
x Some information clarifies that BDA alone cannot generate innovation
x If an evolving process is in place and that humans are interacting with the
results
x P1 is conditionally supported
x Flow: BDA can trigger and can be innovation

P2 - Firms are investing
massively in BDA in order to
have a competitive advantage

x Interviews and survey confirms that investments were made or will be made
in BDA
x Lack of financial figures doesn’t support the amount of money spent in big
data analytics
x Without an order of magnitude, it is not possible to justify the utilization of
the word “massively”
x P2 is partially supported

P3 - BDA is a general
purpose technology thus can
bring value across industries

x
x
x
x

BDA can be used by different industries
BDA data can be re-used from one economic sector to another
P3 is supported
Flow: Different sources of data can contribute to insights in a BDA
system

Table 6.1 - Empirical analysis against the propositions.

6.1

Summary

So, what is the role of big data analytics in the innovation process?
Based on the innovation framework with big data from Kusiak, it can be concluded that big data analytics
can play a role in three different phases: data storage, data analysis and innovation knowledge. Figure 6.1
shows the innovation theoretical framework with big data, where the three propositions contribute to that
framework.
Several examples were mentioned for the data storage phase: I-1 explains how to collect and transport data
and provides an example of data being collected around the world.
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For the data analysis phase, CD is a very good example of combination of statistical methodologies used to
maximize the feedback loop. Machine learning, based on the theory, is another example of analytical method
capable to contribute to innovation.
The innovation knowledge phase corresponds to all the benefits and ideas triggered by big data analytics. It can
be CD, or all the benefits cited by the survey participants, or the fact that we can re-use one solution in
another domain. This phase is the ultimate phase for triggering innovation and insights.

Figure 6.1 – Propositions 1, 2 and 3 validating the innovation theoretical framework with big data.
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Conclusions and Implications

Today, big data is impacting different aspects of our society and that is part of the industrial revolution of data.
A few headlines from the past months can be cited to corroborate that statement. In the light of the recent
tensions between police and citizens in United States, big data is a promising approach to detect police
misconduct by measuring stress levels and prevent adverse incidents (NPR Staff, 2016). In the health area,
NEK1, a new ALS18 genes, was discovered by applying big data analytics to patient gene profiles and
implementing new computational methods capable to pick out the features of the genes causing ALS
(McMahon, 2016). In the game world, the recently released game Pokémon Go is based only on big data.
Although the locations in the game seem to have been handpicked manually, the reality is that the game is
based on a previous game’s data which used Google Maps. Players are surprised to see fish-like characters
appearing close to water, but there is no coincidence as the game’s creator, Niantic, assigns values to areas
based on what kind of habitat it is (Augur, 2016).
The purpose of this thesis was to understand the role of big data in the innovation process and specify the
conditions or scenarios where big data analytics and innovation can join forces.
The research has pointed out that the continuous delivery concept from CompanyX could not have been
possible without big data analytics. As such the machinery behind the continuous delivery is an innovation
and has brought value to the company. Machine learning, a specific big data methodology, is cited as an
important player in different industries to trigger innovation. On the same vein, 47% (7/15) of the survey
participants stated that big data analytics triggers benefits. However, a condition applies: if an evolving
process is in place and that humans are interacting with the results, can conditionally support the proposition
“BDA gives the possibility to discover new insights hence BDA is a contributor to innovation”.
Regarding investments in big data analytics, as expected financial figures were not shared by the participants
as that is confidential information and no order of magnitude were provided. Although it is not possible to
quantify, companies have shown signs of commitment in BDA as they have invested in big data analytics
and continue to invest on hardware, software and competence. Furthermore, 40% (6/15) of the firms from
the survey had already invested in big data analytics and one of its participants revealed that management is
planning to invest in big data. So, in order to obtain a competitive edge in the future, BDA should be
included in the business strategy. For those reasons, the proposition that “firms are investing or plan to
invest massively in BDA in order to have a competitive advantage” is partially supported.
The research has shown through the survey that big data analytics can be used in different economic sectors
such as in ICT, metallurgy and insurance. Time to value is an advantage that can be seen with big data
analytics since parts of the implementation were re-used from one organizations to another. The data
collected by CD is available for other parties which shows re-usability of data. One of the interviewees
mentioned that insights can be triggered by collecting and analyzing external data. Consequently, the
proposition stating that “BDA is a general purpose technology thus can bring value across industries” is
supported.
Finally, throughout the innovation framework with big data (Figure 6.1), it is reflected in terms of flow, that
big data analytics can play a role in three different phases: data storage, data analysis and innovation
knowledge. Each phase is supported by the empirical findings. Hence, the result of the theoretical
framework is aligned with Kusiak’s innovation framework with big data.
The small sample size for the survey and interviews is a threat to validity. However, the selection of very
knowledgeable and experienced individuals in the domain of big data and innovation as well as selecting top
influential individuals in firms for the survey secured the reliability of the results and counteract the threats
of validity. As expected, the survey reinforced the interviews for propositions 1 and 2, and complemented
for proposition 3. It was challenging to obtain a high level of reliability in this qualitative research since
subjectivity and personal perceptions are part of the mix, however each author has performed their own
18
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analysis separately and through triangulation, similar conclusions were observed reducing bias during the
interpretation of the results.
In conclusion, the role of big data in the innovation process can be defined as: BDA can trigger innovation,
BDA can be innovation and different sources of data can contribute to insights in a BDA system. This is
an exploratory research and although the preliminary results are encouraging and tend to support the three
proposals, more research is recommended.
As it is, big data analytics is here to stay and it will only open doors to more sophisticated and complex
discoveries. As Bernard Marr said, we need to embrace this new change, exploit it and take advantage of its
benefits for the betterment of our world.

7.1 Recommendations and Further Studies
As a recommendation, a new survey could be conducted with a bigger sample. Because the sample size was
very small (n<30), the discussion in this thesis is considered as a guideline. A bigger sample can provide
more insights as to understand how big data is exploited in the innovation framework. It would be good to
gather more details about the companies, for instance the number of employees or number of active years.
Also, the new survey can be designed differently by formulating better questions.
Another recommendation would be to further elaborate the three phases of the innovation framework with
big data: data storage, data analysis and innovation knowledge. Each one of those phases can maybe be
enhanced in order to obtain an optimized framework. It would be interesting to investigate if a certain
framework can benefit further specific domains or sectors. As an example, can storage architecture for CD
be generic and be applied to the health domain? Or is it streamlined for the ICT domain?
Based on the interviews, machine learning has a great potential in the innovation process. Further studies
can explore the contributions of that type of algorithms in the innovation domain.
A case study about data-driven product design could evaluate the innovation framework with big data. This
validation would either contradict or reinforce Kusiak’s model (2015). It can also provide another
perspective on the role of big data analytics in the innovation process.
As said earlier, big data analytics is a vast and complex topic. This thesis didn’t touch two important aspects
which are security and legal bindings. Although they are not qualified as benefits, they are listed as barrier
of entry. It would be worth to explore big data analytics from a security and political point of view and
evaluate if they slow down or stop big data analytics progress.
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Appendixes

A How much data is generated every minute?

Figure 9.1 - Data never sleeps 2.0 (James, 2014)
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Figure 9.2 - Data never sleeps 3.0 (James, 2015)
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B Big data analytics applied to manufacturing

Figure 9.3 – Big Data Analytics – Core to Next-Gen manufacturing (Holmes et al., 2013).
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C List of Interview Respondents
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D Interview form used for the big data analytics expert (BDE Form)
(Focus on big data analytics impact on value innovation)
Name:
Company:
Company’s Industry:
Hide company’s Information? Yes / No
Hide Name’s Information? Yes / No
Questions:
About the person/company:
1- What is your role and function?
2- Tell me about you and the company you work for.
Big data analytics general:
3- How you, your area or company started with big data analytics?
4- What is your experience with big data analytics?
5- What are the real benefits you see using big data analytics?
Big data analytics vs innovation activities:
6- Was any innovation created with big data analytics?
7- Can big data analytics be used to create value innovation?
Big data analytics examples:
8- Can we have some examples of previous big data analytics implementations impacting on value
innovation?
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E Interview form used for the innovation expert (IE Form)
(Focus on value innovation and how big data analytics can be used)
Name:
Company:
Company’s Industry:
Hide company’s Information? Yes / No
Hide Name’s Information? Yes / No
Questions:
About the person/company:
1- What is your role and function?
2- Tell me about you and the company you work for.
Innovation general:
3- How innovation areas are structured in your company?
4- Which innovation process is/are used in your company?
a. Innovator’s Method;
b. Stage-Gate;
c. Lead-User Process;
d. Value Innovation
e. Other(s): ___________________.
5- What are the main challenges in the innovation process?
6- How to create value innovation?
Innovation using big data analytics:
7- Are you familiar with big data analytics?
8- Have you use big data analytics to create innovation? If not, can big data analytics be used to
create value innovation?

Big data analytics examples:
9- Can we have some examples of previous big data analytics implementations impacting on value
innovation?
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F Interview Summaries
Data Infrastructure and Analytics Expert (Consultant for CompanyX)
(Interviewee I-1)
I-1 states that the first step towards innovation and big data analytics is to know what data to collect, how
to collect it, how to transport it and securing that the infrastructure can support it. Initially, you collect some
data and gradually the data collection will evolve as you will understand more and more what you need. The
second step is exploration: such as playing around with data, look at different things, ask questions, etc.
Then you can go back to step 1, hence it will be at an iterative process. Innovation is triggered by an evolving
process.
The cycle explained is based on trial and error:
Hypothesis -> Look at the result -> Change -> New Hypothesis
Big data analytics, defined by I-1, is a family of things, a set of technologies that allows to have a lot of data
and to crunch it very fast. It is a tremendous amount of technology bubbles which are difficult to combine,
but once the right recipe is found, innovation can start.
I-1 touched upon machine learning. Machine learning it’s an interesting statistical area that can give a lot of
insights. It gives statistical capabilities in order to access very low resolution of data because the technology
itself enables to do things not feasible on a traditional relationship database, which was prior to big data
analytics. Machine learning allows finding trends or other interesting things that the human is unable to see.
It basically provides a set for a human to look into it.
The paradigm change is that technology allows keeping all that data and can zooming in/out and moving
data as pleased for analysis. The statistical methods allow narrowing down and machine learning gives the
visibility.
Innovation is tight to the human and to the environment it operates in. Big data analytics is only one input
to innovation but hindered by internal and external factors (i.e.: political and economic).
In conclusion, big data analytics alone will not generate innovation but can be a major contributor if an
iterative approach or evolving process is in place.
Industrial PhD working in Research (CompanyX)
Capability Management (CompanyX)
(Interviewees I-2 and I-3)
I-2 states that there is confusion in the nomenclature today: it is necessary to separate big data analytics
from analytics and machine learning. Big data analytics is about big data analytics management such as
gathering big data analytics, storing big data analytics, etc. Big data analytics can be defined with 3Vs,
however collecting and managing data doesn’t bring any value as such. Whereas analytics and machine
learning is about what to do with all that data. Those analytics and machine learning techniques can be
applied on big data analytics as well as small data. Back in 2012, I-2 promoted data analytics and big data
analytics. His motto was, why find a fault in one day when analytics can find a fault in one second? But
today in 2016, he is pulling the brakes because, due to good results, people started to believe that people
can do magic with it.
I-3 explains that data has been used in the company for a very long time. But the growth of data forced the
company to manage data volumes in a different way and from there started the connection with statistics
and machine learning. To the question, can analytics give the same results on a big data analytics set as a
small data set, I-3 answers “it depends”. The idea with big data analytics is to be able to perform analytics
on multiple data sets and not to be limited on a few data sets. Regarding the cost, it is not possible to
compare a warehouse versus a big data analytics infrastructure. Big data analytics needs planning and
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understanding on what the cluster will be required for: volume, access times, type of data, etc. That can
either increase or decrease the cost. In I-3’s opinion, the benefit of big data analytics is not cost, but instead
the gain in efficiency.
I-2 indicates that automation is the goal mindset. An engineer can run daily the same t-test on an excel sheet
on his laptop. But wouldn’t it be more beneficial if this daily step can be automated? He also explains the
difference between descriptive and predictive statistics. The first level is descriptive statistics, which is
displaying graphs or charts, but the goal is to reach predictive statistics which is to automate an action based
on data. With warehousing it is possible to do descriptive statistics but not predictive statistics. Then, big
data analytics is a stepping stone to get to the next level, because the next level requires a lot of data. On
the other hand, statistical techniques are usually good to handle numbers and matrices, but they are really
bad at handling unstructured text. Data is coming into a lot of different forms but statisticians are still fixated
on their csv files.
When it comes to innovation, I-3 states that humans need to interact with the results in order to get ideas.
Big data analytics cannot trigger ideas but maybe machine learning could one-day. I-2 adds that machine
learning can be done on three data points and it doesn’t have to be big data analytics, it can also be small
data. He refers that sometimes big data analytics can be a pain as they can struggle for weeks with import
issues. I-2 also confirms that maybe machine learning could trigger innovation but to do so, techniques for
handling unstructured text needs to be refined and improved, and be included in the analysis for machine
learning to trigger innovation.
In conclusion, to create innovation humans need to know what to do with the data. Machine learning can
create music, paintings, etc. but it is still very simple. Creating a breakthrough idea is another ball game. The
question to ask is: what value can big data analytics bring to you?
Responsible for Innovation Management, Group Functions Strategy (CompanyX)
(Interviewee I-4)
For I-4, innovation is about creating value. A non-value innovation doesn’t exist because by definition
innovation is something new that produces value. A patent is not innovation, but an invention, however he
states that it is possible to obtain an innovation based on a patent.
I-4 indicates two main challenges related to innovation process: 1) not having a common understanding of
what is an innovation process and 2) if someone has an innovation process, they think that the process
starts with an idea or a solution, which is wrong. It starts with an understanding of what is the problem to
be solved. The challenge today in CompanyX is that the belief is based on that innovation starts from a
technology which is in reality a solution. But the question that should be asked is: It is a solution to what?
It is necessary to think of the innovation logic as something that starts with the value creation for the
customer and then move backwards to understand the problem to be solved. So a great technology doesn’t
mean innovation unless it can be monetized.
It is important to separate the need from the solution otherwise it will over-engineer. Some tools can help
in that area. When it comes to handling the future and uncertainties, exploratory methods can be used and
innovation can be triggered by trial and error. The flow is: 1) insight 2) solution process 3)
prototype/experiment.
When it comes to big data analytics such as machine generated data and customer data, I-4 mentions that it
could be a great potential for innovation. It can identify a lot of improvements and problems to be fixed.
The risk is that it is a limited window on the use of the product. If the intention is to design the next
generation of products, it is required to have different sources of data and a broader data set. As such,
ethnographic knowledge needs to be captured: meet the people who are buying, installing and running the
products and understand what their pain points are on a daily basis when interfacing with those products.
That information will never be captured from a data stream. If it is not possible to capture that, it is not
possible to put a compelling value proposition in customers’ hands.
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In conclusion, I-4 formulated the following key sentence: “We need to innovate on broad data sets. We
need to capture complex data streams from multiple sources, draw conclusions and innovate based on those
conclusions. That is part of insight.”
Program Manager – Continuous Delivery Project (CompanyX)
Design Architect Data Infrastructure and Analytics – Continuous Delivery Project (CompanyX)
(Interviewee I-5 and I-6)
The authors wanted to understand what were the benefits of big data analytics in the continuous delivery
process and how CD had leverage from BDA. The type of interview was unstructured for both participants.
One of the interviewees stated that in order to successfully achieve the trial, the goals were: faster customer
feedback, increase monitoring coverage and quickly assess the worst issues.
The fact that data collection and analytics existed with the old infrastructure made it fairly easy to choose
which metrics and data to use in order to achieve the goals. This means that the strategy and measurements
were settled. New statistical methods were introduced hence the analysis has changed providing new type
of results.
During the trial, the old infrastructure and the new infrastructure were running in parallel, and customers
were onboard. One particular customer was very keen to see results with big data analytics. Trust was not
yet in place in the organization regarding big data analytics and its results so consequently were continuously
cross-referenced with the old way of working.
I-6 presented how big data analytics was leveraged in order for continuous delivery trial to be successful.
He explained all the steps such as how data was collected and used, and how to visualize that output. He
also discussed about specific analytics such as descriptive and predictive, and the impact to successfully
achieve CD.
Table 9.1 contains some comparisons with and without big data analytics:
Description

Without Big Data Analytics

With Big Data Analytics

Number of sites supported (physical sites)

2

3

Time to generate a System Impact Analysis

3 days

3 minutes

Number of performance issues handled in
parallel

200/90days = 2/day

462/50days = 9/day

>= 0.05

All issues were analyzed

20 scopes

200 scopes

(20 * 3 md = 60 md19)

(10h machine only)

KPI (Key Performance Indicator) team
lead/coordination

105 md

35 md

Daily Product Unit reporting cost

150 md

0 md

315 md

35 md (not including 690
md of analysis made by
machine)

Lower limit in analyzed deviation
Number of scopes analyzed (cost)

Resource Cost Total

Table 9.1 - Cost comparison with and without big data analytics Part 1 (CompanyX, 2016)

Table 9.1 summarizes the comparisons with and without big data analytics. Several improvements can be
seen:
x The number of scopes is multiplied by 10.
x The number of man days has been substantially reduced.
19

The acronym “md” stands for “man days”, equivalent to 8 hours.
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x A system impact analysis report, which used to take three days, is executed in three minutes.
x The number of issues overlooked is zero since the machine can compile everything.
x 690 man days of work can now be done by a machine hence reducing the resource cost to 35md.
When continuous delivery trial concept was adopted by CompanyX due to positive feedback from
customers, another comparison has been made, reflected in Table 9.2.
Continuous Delivery (yearly cost
not using BDA)

Continuous Delivery (yearly cost
using BDA)

10

10

2100md

420 md

400 (400 * 3md = 1200 md)

2400 (takes 120h in total)

Daily R&D reporting cost

3000 md

0 md

Cost SUM (yearly)

6300 md

420 md

Description
Number of sites
KPI team lead/coordination
Number of scopes analyzed (cost)

Table 9.2 - Cost comparison with and without big data analytics Part 2 (CompanyX, 2016)

While increasing continuous delivery to the same amount of sites, which are 10, the team effort is reduced
by 80%, the number of scopes is multiplied by 6 and the cost for reporting is null when using big data.
Lastly, the turnaround time to resolve issues has been significantly decreased with big data. The turnaround
time lowered from a range of 15 to 49 days to a new range of 1 to 8 days. Therefore, feedback is faster.
Customers were satisfied with the improved turnaround time regarding issues going from a minimum of 15
days to a maximum of 8 days.
In summary, the initial goals, such as faster customer feedback and increase monitoring coverage, were met
to the exception of quickly assessing the worst issues. Some troubleshooters didn’t like the tool’s assessment
because every discrepancy was considered a bad issue with no priority. Initially, the tool was very sensitive
to any metric change and a 0.01% delta was triggering a red flag. Eventually, the developers fine-tuned the
sensitivity so the tool would lift a red flag only when it is required. The priority and severity of an issue is
still assessed by a human.
The latest measurements confirmed that an amount of 40 files takes 24 000 seconds (6.5 hours) to be
processed in a small data infrastructure versus 180 seconds with big data. The time to process data has been
improved by 99.25%.
The continuous delivery concept has been fully adopted by the organization and is part of a new business
model. This decision has been taken mainly because customers were satisfied by the outcome. Moreover,
the organization realized that this new model can sustain several markets in parallel and deliver fast feedback
with real-time data processing, which was not possible with the old model.
Another argument brought up by the design architect (Interviewee I-6) is that the data analytics (i.e.:
statistical methodologies) were later on applied to small data and it is today delivering the same results as
big data. The differences are speed and the amount of data collected. Indeed, some of the data processing
can take over six (6) hours. Yet, that task could be left for night runs when no employee is working at site.
Interviewee I-6 confirmed that data analytics has improved for both infrastructures as methods were reused between small and big data.
When asked if this type of setup has created any new features or any innovation, the answer from I-6’s
perspective is no. The purpose was to improve the product quality with continuous delivery and there was
no intention to use this new infrastructure to trigger new products. Continuous delivery is an innovation by
itself as it has changed the business model. I-6 also added that the data collected is sitting on the server and
that data can be re-used for any other purposes by other departments or groups if they see a potential to
find new insights.
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Both interviewees confirmed that a budget and resources are allocated for the expansion and improvement
of CD. The intention is to reach not only unlimited processing capability with hardware but also to
prescriptive analytics with the investigation and introduction of new methodologies.
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N
N

Gathering
information
about the
company

Which industry does your company belong to?(ex: military, automobile, etc.)
Which country is your company based in?
If you want to share additional information about you and your company, please complement below. (ex:
company's name, your name and/or your position)
Do you have any additional comments or questions you want to share with us?

Free text
Free text
Free text
Free text

Y
Y
N
N

Free text
Free text

Free text
Free text

Y

N
N

yes, no or maybe

Y

yes, no or maybe
yes, no or maybe
Free text
yes, no or maybe
Free text

yes, no or maybe

Y

Related to
Innovation

Y
Y
N
N
N

yes, no or maybe

Y

Does your company use a big data solution? Big Data being defined with volume, variety and velocity.
(https://en.wikipedia.org/wiki/Big_data)
Is a big data solution used for innovation?
If big data is not used for innovation, what is big data used for in your organization?
Related to Big
Is there any quantifiable benefits to use a big data solution in your organization?
Data
If answered yes in previous question, is it possible to give examples?
If your company has not adopted a big data solution, is it possible to explain the reasons behind? (financial,
political, strategic, etc.)
Do you have additional comments regarding data in your organization?

yes, no or maybe

Y
Y

Type of answer
Scale 1 to 5 where 1 is not at all and 5 is Oh Yes!
Categorical: 0-20%,20%-40%, 40%-60%, 60%-80%, 80%-100%

Mandatory

Questions

Is innovation important for your company?
On average, how much time and resources does the company dedicate to innovation?
Does your company use the innovator's method as an innovation process (http://businessvaluedesign.be/isthere-a-right-innovation-method/)?
Does your company use the stage-gate system as an innovation process? (http://www.prod-dev.com/stagegate.php)
Does your company use the Lead User Process as an innovation process?
(https://en.wikipedia.org/wiki/Lead_user)
Does your company use the value curve as an innovation process?
(https://www.brainmates.com.au/general/the-value-curve-model-visualising-value-propositions)
If none of the above processes are used, which one is your company using (Please describe it with a few
lines)
Do you have additional comments about innovation in your organization?

Category

G Survey related information – The Questions
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H Survey’s Results

58

Innovation Process Utilization
12
10
10

9

9

8
6
6

5
4

4

3

6
5

5

5

4

3

2

1

0
Innovator's
method

Stage-gate
system
Yes

No

Lead User
Process

Value Curve

Other

Not familiar with the process

Figure 9.4 - Innovation Processes Utilization

The innovator’s method is the most used method with 9 counts followed by lead user process (5 counts)
and value curve (5 counts). 5 of the 15 companies are also using other methods. Stage-gate system has 4
counts. Note that value curve has the highest score for “not familiar with the process”, followed by StageGate and Lead User. The innovator’s method is the most known and used method of all with a total score
of 9. The total number of innovation methods used is 28.
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Relationship between importance of innovation versus
number of methods used and big data usage
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Figure 9.5 - Relationship between the importance of innovation versus number of methods used and big data solution

For the companies scoring the highest for the question “Is innovation important”, which is 10/15, all of
them use at least one method up to five. Company 3 and 13 use all four methods (i.e. innovator’s method,
stage-gate system, lead-user process or value curve). Company 8, which innovation is not important uses no
innovation method.
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