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SAMMANFATTNING 

Målet med detta examensarbete var att utforska potentialen hos Big Data i det som ofta kallas 
Front End of Innovation, dvs. De tidiga stadiet i innovationsarbetet. Det övergripande målet bröts 
ned i fyra mer specifika frågor rörande hur Big Data kan användas i identifiering av nya 
möjlighet, analys av möjligheter, idégenerering och val av idéer. Arbetet inleds med en 
utforskning av begreppet Big Data i syfte att bygga förståelse och bättre uppfattning om vad 
begreppet innefattar. Från detta fastställdes att begreppet har implikationer för mjukvara, 
hårdvara, analys av datamängder samt för ledningsfrågor. Intervjuer med experter inom 
innovationsledning respektive dataanalys nyanserade begreppet ytterligare. Experternas åsikter la 
större vikt vid vilken typ av data som samlades in, datans källa, relevansen hos en given 
analysmetod och hur organisationer implementerade resultaten av analysen. Resultaten i arbetet 
indikerar att Big Data-analys kan bidra med nya metoder för att öka användarförståelse, samt för 
datadrivet beslutsfattande vilka, två processer som kan ha positiv påverkan i Front End 
Innovation. 
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ABSTRACT 

The aim of this study was to explore the potential of Big Data in the Front End of Innovation and 
develop theory through conceptual work. Specifically research questions were aimed at the 
potential of Big Data in opportunity identification, opportunity analysis, idea generation and idea 
selection. When conducting the study, it was found that some vagueness and opposing opinions 
are present regarding the use of the term Big Data and its definition. The findings of this study 
focus on what Big Data offers organizations increased abilities in analyzing external 
environments including competitors, markets and users to facilitate the opportunity identification 
and ideation processes. As well as the implementation of analytics in opportunity analysis and 
idea selection as an additional perspective to existing processes.   
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NOMENCLATURE 

This section provides an account of all nomenclature and abbreviations used in the course of this 
study.  

Abbreviations 

AI Artificial Intelligence 

BDA Big Data Analytics 

BI Business Intelligence 

DM Data Mining 

FEI Front End of Innovation  

ML Machine Learning 

NPD  New Product Development 
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1 INTRODUCTION  

This chapter describes the background, motivation, purpose, and limitations of the presented 
study. 

1.1 INTRODUCTION 
The current information and data environment is unlike any preceding it (LaValle, 2011). In the 
United States for example, 15 out of 17 industry sectors have more data stored per company than 
the 235 terabytes of data stored by the  entire U.S. Library of Congress (Johnson, 2012).  
Increasingly   connected devices, including mobile phones and tablets, are creating digital logs 
for the over 4 billion connected people in the world (Bughin, 2010, McAfee and Brynjolfsson, 
2012 ). Increased mobile phone usage is just one example of the information explosion(LaValle, 
2011), in fact a majority of new data being created is from industry via sensor collected data or 
enterprise data (Davenport, 2014b). One driver of the data creation increase is driven through the 
digitalization of manufacturing equipment and tools. Data is registered by sensors which can 
support functions of control and analysis. As a result, completely digital process evolve from the 
networking of these tools and equipment, an evolution that has become known as digitalization 
(Lasi et al., 2014).These advances in digital technology have been claimed by some to lead a 
new paradigm shift within industrial production known as industry 4.0, indicating a fourth 
industrial revolution(Lasi et al., 2014). 

The increase in data creation has in turn sparked new methods for technological deployment 
including virtualization and cloud computing  (Bughin, 2010). These technologies have 
contributed to the steadily declining costs for data storage, processing, and bandwidth meaning 
that previously expensive data-intensive value creation is becoming more technically and 
economically feasible for organizations (McAfee and Brynjolfsson, 2012). Data intensive value 
creation is creating new ways for users to consume goods and services, as well as methods for 
organizations to create and deliver value for users  (Bughin, 2010). With more organizations 
collecting data and with the increasing ability to analyze it, the frontier of competitive 
differentiation is beginning to shift to include large-scale data gathering and analytics (Bughin, 
2011, Marshall et al., 2015). This new trend is known as Big Data. Analyzing and knowing how 
to leverage Big Data successfully has become a point of great interest to managers and business 
leaders across industries (LaValle, 2011) 

A majority of the focus for analyzing Big Data, known as Big Data Analytics (BDA), has been in 
customer focused applications in either sales, marketing or product development. However, the 
potential of BDA extends much further, even to the ways that organizations operate or are 
managed. Big Data has the potential to provide organizations with the tools and abilities to make 
smarter decisions, having some experts claiming that: “using big data leads to better predictions, 
and better predictions yield better decisions” (McAfee and Brynjolfsson, 2012)(p.5). This shift 
will usher in a new, different type of decision making, where organizations test hypothesis and 
analyze results with Big Data reducing variability of outcomes while improving performance 
(Brown et al., 2011). This new process of decision-making may drive intelligent profitable 
growth for organizations through: proactive risk management, cost reduction, and improvements 
in products and services (p.22)(Davenport, 2014b, Brown et al., 2011, LaValle, 2011).  

Many organizations still struggle with how to derive knowledge from, or understand, their own 
data (Troester, 2012). The practice of mining big data for discovery and experimentation is 
considered by some to be the best use of big data, but also the aspects which are still the least 
understood by organizations (Davenport, 2014b).  Some organizations attempt to use traditional 

http://#_Toc448484464
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data management practices on Big Data, only to learn that the old rules no longer apply. BDA 
has driven an evolution in the way that organizations analyze data, and what solutions are 
possible. Organizations that succeed with big data analytics will be those that understand the 
possibilities, see through the vendor hype and choose the right deployment model (Troester, 
2012).   As speculated by Jelinek and Bergey(Jelinek and Bergey, 2013), the application of big 
data in practices previously unaffected by data analytics, such as designing to assure quality, 
managing risk, and serving customers, will further enhance innovation in the coming decade. 
Organizations embracing effective data analytics as a business imperative can gain a competitive 
advantage in the rapidly evolving global digital economy (Johnson, 2012). 

Innovation is a key element for firms in order to stay competitive in the modern business 
world(Björk and Magnusson, 2009). This means working actively with innovation strategy and 
understanding the underlying processes involved in successful innovation management. More 
specifically, understanding how and where valuable ideas originate is of interest to organizations. 
Problems at this stage involve, but are not limited to, insufficient market understanding, selection 
of the most promising ideas, and lacking knowledge of customer needs(Koen et al., 2001). With 
the ability to discover new opportunities, or high-value products and services, big data will 
transform the operational aspects across industries (Davenport, 2014b). As the tools and 
philosophies of big data spread, they will have dramatic effects on the practice of management 
(McAfee and Brynjolfsson, 2012). In particular, organizations and managers will need to focus 
on leveraging big data throughout the innovation process - from conceiving new ideas to creating 
new business models and developing new products (Marshall et al., 2015). Current research 
suggests that organizations that use data and business analytics are more productive and 
experience higher returns on equity than competitors their competitors who are not (Brown et al., 
2011).   

1.2 PURPOSE AND DELIMITATIONS    
Big Data Analytics (BDA), which is composed of Data Mining and Machine Learning 
techniques, has great influences on organizations and industries of all types. To date, a majority 
of the focus of industry and research has been in the application of BDA in market research and 
customer understanding.  However, many potential applications outside of marketing and sales 
are possible. Little research has been done regarding how these concepts could affect more 
general innovation theory or specifically the front end of innovation. The aim of this study is to 
contribute to current theory to with the potential applications of Big Data for the Front End 
Innovation (FEI) process as defined by Koen (Koen et al., 2001).  

The explorative nature of the project will include many topics and themes, however the topics of 
Big Data, and Big Data Analytics will be investigated only from a top-level, or managerial, 
perspective. These topics involve the application and implementation of information technology 
systems, which will be mentioned but not explained or discussed in technical detail. Therefore, 
discussions including specific software, algorithms, coding languages, and system architecture 
will fall outside the scope of this study.  

Another limitation is the focus on the front end of innovation, which means the project will only 
investigate the concepts and processes involved at the very beginning of the innovation process. 
This excludes discussions on later stage processes such as concept evaluation, prototyping and 
commercialization. 
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2 THEORETICAL FRAMEWORK  

This chapter describes the theoretical framework, presents research questions and a proposed 
framework for the presented project. 

In the following sections current theory on Big Data, Big Data Analytics, Front End Innovation 
and related subtopics will be introduced. The level of depth of explanations on topics will vary 
depending on their relevance to the research aim of exploring the potential of Big Data in Front 
End Innovation. In order to formulate research questions, it is necessary to understand Big Data 
as well as the technologies and methods involved in its application, and the possible outcomes of 
such processes. The purpose is to present knowledge that will facilitate accurate assessments of 
the potential of Big Data as suggested in current theory. Therefore, this section will begin with 
an exploration of the term Big Data from the most common perspectives, followed by theory on 
different types of data, data analytics, and machine learning. Theory on the processes involved in 
Front End Innovation including opportunity identification, opportunity analysis, idea genesis and 
idea selection. The chapter will end with the presentation of a framework proposing how the 
research will seek to add to current theory by answering four research questions. 

2.1 BIG DATA DEFINITIONS 
The term Big Data, is used to describe the current phenomenon of data analysis in the age of 
digitalization. However, due to media-hype, marketing, and sales ploys, the definition of the term 
has become convoluted. Organizations are no longer sure their own internal practices truly fall 
within the realm of ‘Big Data’ or simply Business Analytics (Davenport, 2014a) 

In their work  Viktor Mayer-Schönberger and Kenneth Cukier state that: “big data refers to 
things one can do at a large scale that cannot be done at a smaller one, to extract new insights or 
create new forms of value, in ways that change markets, organizations, the relationship between 
citizens and governments, and more.”(Mayer-Schönberger, 2013)(p. 6). This is one example of 
how the potential of big data has been touted in modern literature. However, the term seems to 
encompass and affect a large number of topics, making it hard to find a universal definition.    

This confusion around the term has either driven or is caused by widely varying definitions of 
term Big Data including, “ [a] collection of such a huge amount of data that it becomes 
impossible to manage and process data using conventional database management tools” (Balar, 
2013)(p.1); “the acquisition, analysis and deployment of massive amounts of data to inform 
operational and strategic decisions - often facilitated by ‘cloud computing’ and shared access to 
massive amounts of computing power” (Jelinek and Bergey, 2013)(p.16); “a capacity to search, 
aggregate, and cross-reference large data sets” (Boyd and Crawford, 2012)(p.663); “collection 
and interpretation of massive data sets, made possible by vast computing power that monitors a 
variety of digital streams - such as sensors, marketplace interactions and social information 
exchanges - and analyses them using ‘smart’ algorithms” (Davenport, 2014b)(p.45). Though 
these definitions share common themes, they lack substance and clear criteria for building an 
understanding of the concept. Without a clear and common definition, confusion in academia 
and industry is bound to persist. 

One model which is used in both industry and academia is the “3 V’s”, which is a model aimed 
to define Big Data based on three dimensions (McAfee and Brynjolfsson, 2012). In this model, 
Big Data is defined in terms of data which is of significant Volume, Velocity and Variety 
(Laney, 2001). In some contexts, the definition is expanded with a fourth V, Value (LaValle, 
2011) and a fifth V, Veracity (White,2012). Though each of the Vs are important characteristics, 
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the definitions may create confusion for organizations utilizing only certain V’s or who do not 
understand certain aspects of the V models (p.3) (Davenport, 2014a). The more important aspect 
is for organizations to deconstruct the definitions in order to refine their strategies for these new 
types of data, and which types are most important (p.8)  (Davenport, 2014a). A more detailed 
explanation of each of the ‘V’’s is provided below: 

2.1.1  VOLUME 
Whereas only a few years ago storing data on the scales of terabytes was considered big, today 
organizations are able to store and handle petabytes (1015) , and  in some instances even exabytes 
of data (1018)(Mayer-Schönberger, 2013). So, when considering the volume of big data it will be 
characterized as a large volume of data that either consumes large storage space relative to the 
capabilities of the organization or consists of large number of records, sometimes requiring 
storage on a cluster of devices (Troester, 2012, Wamba et al., 2015). 

2.1.2  VARIETY 
Variety of data refers to the variety of data sources and formats, which may contain 
multidimensional data fields (Wamba et al., 2015). Recent trends in datafication and digitization 
have yielded data that is often unstructured and not organized for traditional databases  (McAfee 
and Brynjolfsson, 2012). One example of this by  Davenport  (Davenport, 2014b)(p.47) is “the 
data sources on multichannel customer journeys are unstructured or semi-structured. They 
include website clicks, transaction records, bankers’ notes, and voice recordings from call 
centers.”  As more and more of the devices become integrated in the daily routines of the modern 
person, so the diversification of available data will increase. Types of data and sources will be 
explored further in later sections.  

2.1.3  VELOCITY 
The velocity of data, or frequency of data generation and data delivery is a critical component 
when defining Big Data in terms of the V model (Wamba et al., 2015). For many applications, 
the speed of data creation or analysis, including real-time or nearly real-time information, is the 
most critical factor for the data  (McAfee and Brynjolfsson, 2012).  This is a shift from the ‘data 
lake’ approach to analytics, which relies on analyzing historical records of stored data. One 
example is the value generated by Amazon which does not compromise on delivery times, even 
though it has to manage a constant flow of new products, supplier and customers, This is 
accomplished through high velocity data analytics (Davenport, 2006). 

2.1.4  VALUE 
Data collection and the analysis of data should be executed with the aim to generate value for the 
organizations. This V does not describe any technical feature of the data or analysis but rather 
that organizations should aim to create value through the data or through the data analysis. One 
way to consider the value of the data is determined by the extent to which big data generates 
economically worthy insights and or benefits through extraction and transformation (Wamba et 
al., 2015).The economic value of different data varies significantly. Typically there is good 
information hidden amongst a larger body of non-traditional data; the challenge is identifying 
what is valuable and then transforming and extracting that data for analysis (Oracle, 2008). 
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According to one author, extracting value from Big Data is the most difficult task with Big Data 
(Beulke, 2011).  

2.1.5  VERACITY 
The veracity of data refers to the trustworthiness of data, in terms of noise or abnormality of 
data. If data is not of sufficient quality by the time it has been integrated with other data and 
information, a false correlation could result in the organization making an incorrect analysis of a 
business opportunity (Beulke, 2011, Boyd and Crawford, 2012). Some analysts estimate that 1 in 
3 business leaders do not trust the information they use to make decisions (LaValle, 2011). 
Therefore, it is important that organizations and teams focus on gathering and analyzing the 
correct data, and understand what their data truly represents.  

2.2 DATA GENERATION AND TYPES 
As discussed in 2.1.2 Variety, current trends in data creation and collection have made data 
available in an increasingly variety of sources. Data may come in many forms, from a variety of 
sources and be analyzed for many different purposes. (Johnson, 2012). Data may defined in one 
of two types, including structured and unstructured data, and be generated by sources including 
traditional enterprise data, machine generated and sensor data, and social data.  

2.2.1 STRUCTURED VS UNSTRUCTURED DATA    
According to LaValle (LaValle, 2011)(p.7), “the intelligent enterprise is aware, meaning that it 
gathers, senses and uses structured and unstructured information from every node, person and 
sensor within the environment.” Data of all types, commonly falls into one of two category 
types; structured data, or unstructured data. It is important to differentiate structured from 
unstructured data because according to Troester (Troester, 2012)(p.5) “Text, video, audio and 
other unstructured data require different architecture and technologies for analysis .”  

Structured data is data of a type which is able to be stored in a traditional database system 
(Davenport, 2014b). In common terms this includes data types that may be stored in rows and 
columns easily. Examples of structured data include machine generated data, financial data, 
customer data, and ERP data.  

In their study Big Data for enterprise, Oracle (Oracle, 2013) (p.2) describes unstructured data as 
a “potential treasure trove of non-traditional, less structured data: weblogs, social media, email, 
sensors, and photographs that can be mined for useful information.” According to Davenport 
(Davenport, 2014b)(p.46), big data has a strong “focus on very large, unstructured, fast-moving 
data”. According to Oracle (Oracle, 2008)(p.159), “Data that cannot be meaningfully interpreted 
as numerical or categorical is considered unstructured ... much as 85% of enterprise data falls 
into this category. Extracting meaningful information from this unstructured data can be critical 
to the success of a business.” It becomes evident that a majority of new data being generated by 
end users today stems from unstructured data sources, which will be of increasing importance for 
organizations to consider. 

2.2.2  TRADITIONAL ENTERPRISE DATA  
Traditional Enterprise Data refers to the data which is regularly created or stored by an 
organization, this includes customer information from Customer Relation Management (CRM) 
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systems, transactional Enterprise Resource Planning (ERP) data, web store transactions and 
general ledger data (2013). This may be considered the data created through the regular 
operational activities of an organization.  Storing and analyzing this type of data may present 
challenges for organizations, where data may be stored in departmental “silos”, preventing 
organizations from aggregating and analyzing data (Brown et al., 2011).  

2.2.3  MACHINE-GENERATED AND SENSOR DATA    
The increasing connectivity of machines through the internet and increasing number of sensors 
on devices has created a second major data source type for organizations. This Machine 
Generated data includes call detail records, weblogs, smart sensors, manufacturing sensors, 
equipment logs (often referred to as digital exhaust), and financial trading systems data(Oracle, 
2013). As the price of sensors, communications devices, and analytics software continues to 
decrease, organizations are gathering and monitoring more data of this type from products and 
machines (Brown et al., 2011). For some organizations, algorithms analyzing sensor data from 
production lines are able to cut waste, optimize maintenance needs, increasing productivity. 
Sensor data from one organization was able to cut operating and staffing costs by 10 - 25 percent 
while increasing production by 5 percent (Brown et al., 2011).  

2.2.4  SOCIAL DATA   
Social data is perhaps one of the newest data sources for organizations to consider. Social data 
may include online shopping transactions, movie selections, social media posts, website viewing 
activities, are the most public and easily visible data type  (Wagner, 2012). This also includes 
customer feedback streams, microblogging sites like Twitter, social media platforms like 
Facebook(Oracle, 2013). I think data analytics should be implemented when it comes to idea 
selection as one perspective” - [ G ]. Retailers mining the data streams generated by consumers 
in social media are able to gauge responses to new marketing efforts in real time, and adjust with 
higher speeds than ever before (Brown et al., 2011). By using daily weather forecast data, one 
beverage company is able to adjust inventory levels based on temperature, rainfall levels and 
hours of sunshine on a given day  (Brown et al., 2011).   

2.3 BIG DATA ANALYTICS    
Having formed an understanding of Big Data sources and types, the analysis of Big Data known 
at Big Data Analytics (BDA) should be considered (Balar, 2013). BDA like Business 
Intelligence & Analytics (BI&A) before it, seeks to analyze data in order to optimize 
organizational performance (McAfee and Brynjolfsson, 2012). However, Big Data Analytics 
involves analyzing greater volumes and variety of data(Troester, 2012).  Chen (Storey, 
2012)(p.1166) described BDA as “data sets and analytical techniques in applications that are so 
large (from terabytes to exabytes) and complex (from sensor to social media data) that they 
require advanced and unique data storage, management, analysis, and visualization 
technologies”. 

The collection, and storage of Big Data has presented many challenges in terms of hardware, 
software and organizational development (Troester, 2012). Requirements to manage Big Data 
has driven by the development and application of a number of tools and technologies. Perhaps 
most significant of these tools is the creation of distributed file systems and application of Data 
Mining techniques including Machine Learning (ML) and Artificial Intelligence (AI).  
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2.3.1  DISTRIBUTED FILE SYSTEMS    
No matter the industry in which an organization finds itself, is that more and more business 
activity is digitized while computing equipment is becoming ever-cheaper (McAfee and 
Brynjolfsson, 2012). Managing big data essentially means managing data of volumes too large to 
be handled or processed at speeds that are too fast for conventional computing techniques.  Two 
key technologies have facilitated the ability to manage Big Data, these are distributed file 
systems and large scale data processing techniques 

In standard data storing platforms, an entire data set or a large data file is stored on one node in 
the system, either a computer, server or server room. A problem occurs when data sets reach 
volumes too big to store in a single node. This requires either an increase in the data storage 
capacity of the node or to distribute the data over a number of nodes; known as a distributed file 
system. The most common distributed file system in use today is HadoopⓇ, developed by 
Apache™. HadoopⓇ allows for the distribution of data sets, or files, over a cluster of nodes. It is 
able to store structured and unstructured data, which is a critical benefit given the variety of data 
available today (Shvachko et al., 2010).  

To be able to process the distributed data in a reasonable timeframe HadoopⓇ uses a 
programming model known as MapReduce (also by Apache™). Compared to more conventional 
processing architecture, where processing speed is reliant on how fast the connections between 
the nodes where the data is stored and the node where it is processed are, MapReduce instead 
maps the processing software onto to the nodes where the processing is done locally, and only 
retrieves the answer. For distributed systems this is a much more efficient approach(Shvachko et 
al., 2010).  

2.3.2  DATA MINING   
Big Data Analytics is an activity which uses data mining and statistical analysis to derive 
knowledge and value from data (Storey, 2012). As the term implies, Data Mining (DM) is the 
process, or practice, of probing sets of data in order to discover patterns and trends that are 
undetectable by simple analysis. DM is the general term for extracting knowledge or value from 
data(Oracle, 2008). This is done through the application of advanced algorithms that can 
manipulate the data into segments and use it for predictive modelling(2008). The results 
achievable through effective data mining could be; automatic discovery of patterns, prediction of 
likely outcomes and the creation of actionable information. The outcome may vary depending on 
the properties of the data used and the algorithm used to analyze it. Ultimately, answers may be 
found to questions that cannot be answered through basic query and reporting techniques. 

2.3.3 MACHINE LEARNING   
Computer science has produced algorithms sufficiently advanced for a computer to carry out 
data mining tasks on its own, where the computer learns what patterns to look for and how to 
cluster information. Over time, as the computer completes more tasks it will improve its own 
abilities(Jordan). This is known as Machine Learning (ML), the study and implementation of 
techniques enabling technologies to learn from their own performance and independently modify 
execution. Machine Learning  uses disciplines including computer science, statistics and other 
disciplines concerned with automatic improvement over time, and inference and decision-
making under uncertainty (Jordan). 
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Machine learning uses predictive models in order to learn from existing data in order to forecast 
future behaviors, outcomes, and trends  (Gronlund, 2016).  A diverse array of machine-learning 
algorithms have been developed for a variety of data and problem types (Jordan). It has found 
applications in industry such as diagnostication of errors in complex systems and prediction of 
consumer behavior. For empirical sciences it has been used in fields such as biology and 
cosmology. To better understand the concept of machine learning it may be beneficial to 
understand in what ways a machine may learn from available data. In order to do this one may 
look at the classifications of different learning algorithms including supervised, unsupervised and 
reinforcement learning.   

2.3.3.1 Supervised learning   
Supervised learning algorithms make predictions based on a set of example data. Each example 
is labeled prior to analysis with the value of interest. After analyzing the labeled data, the 
algorithm then seeks patterns in those value labels. The algorithm then determines the best 
pattern, or model between the labeled data. Once a model is constructed based on the example 
data, a second set of unlabeled data is tested against the model. An outside auditor, then either 
confirms the model’s accuracy based on the correlation to new data, or adjusts the model  
(Rohrer, 2016). 

There are three classifications of supervised learning; classification, regression and anomaly 
detection. Classification requires  inputs to be divided into two or more classes, and the learner 
must produce a model that assigns unseen inputs to one (or multi-label classification) or more of 
these classes. Regression is also a supervised problem for the prediction of a value, for example 
based on historical data (Rohrer, 2016). Anomaly detection identifies data points in a data set 
that are unusual or outliers based on some measure of difference. This is accomplished by 
learning what normal data is, and then identifying data that is significantly different (Rohrer, 
2016).This is a common technique for financial fraud detection or other security platforms. 

Unsupervised learning can be described as the analysis of unlabeled data under assumptions 
about structural properties of the data (Jordan). In unsupervised learning, no outside confirmation 
or testing of the model is required or available. The goal of an unsupervised learning algorithm is 
to organize the data in some way or to describe its structure, aiming to make complex data 
appear simpler or more organized (Rohrer, 2016). One example of this is a task known as 
clustering where a set of inputs are to be divided into groups. Unlike in classification, the groups 
are not known beforehand, making this typically an unsupervised task.  

2.3.3.2  Reinforcement Learning 
In reinforcement learning the information available in the training data is intermediate between 
supervised and unsupervised learning (Jordan) . The learning algorithm also receives a reward 
signal a short time later, indicating how good the decision was (Rohrer, 2016).  Instead of 
training examples that indicate the correct output for a given input, the training data in 
reinforcement learning are assumed to provide only an indication as to whether an action is 
correct or not; if an action is incorrect, there remains the problem of finding the correct action 
(Jordan).   Based on this, the algorithm modifies its strategy in order to achieve the highest 
reward (Rohrer, 2016). 

Different learning algorithms are suitable for different tasks, and hence, can be used to answer 
different questions. Algorithms may differ in accuracy, training time, number of parameters, and 
linearity(Rohrer, 2016). Choosing the right type for a particular task is therefore of importance to 
the desired result.     
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2.4  BIG DATA AND INNOVATION     
Applications of Big Data have the possibility to affect almost all organizational aspects and 
structures, by creating new organizational capabilities and value (Davenport, 2014b). According 
LaValle, effective Big Data and Analytics will lead to enhanced productivity, a stronger 
competitive position and greater innovation (LaValle, 2011). The application of Big Data in 
Innovation is of particular interest, according to Brown et al (Brown et al., 2011), stating that Big 
Data presents “the next frontier for innovation, competition, and productivity”.  Organizations 
able to leverage Big Data effectively are poised to innovate and deeply change their industries 
based on their insights and ability to predict future trends (LaValle, 2011). 

When effectively governed and appropriately implemented, BDA offers organizations with an 
information-driven culture focused on business outcomes, clarity in business decisions yielding 
improved business results (Johnson, 2012). Awareness of the power of BDA to solve business 
problems and spur innovation is growing rapidly across industries. (Marshall et al., 2015). The 
application of BDA in new areas of the organization will continue to drive the interest in these 
new technologies. 

In the study by Jelinek (Jelinek and Bergey, 2013) the authors state that the most interesting 
applications of Big Data, in terms of innovation, are those beyond features or products, and 
certainly beyond the typical uses of data analytics in finance and budgeting. They assert that 
BDA applications  are driving increased value in  manufacturing, and design or to assure quality, 
to manage risk, serve customers, or enhance customer experience will underwrite innovation in 
the future (Jelinek and Bergey, 2013). Literature from recent years has identified Big Data as the 
“next big thing in innovation” and speculated on its impact on managerial practices (Wamba et 
al., 2015)(p.245), however, theory and practical examples for how Big Data may be applied to 
formal innovation processes is lacking. The following sections presents aspects of BDA that are 
of relevance to innovation.  

2.4.1 DISCOVERY     
Big Data and Analytics offers organizations an interesting value in increasing the discovery of 
new opportunities to the organization (Davenport, 2014a, Storey, 2012). The aim of using big 
data for discovery, is to form an idea of a new product, service, feature or hypothesis for 
improving an existing model (Davenport, 2014a). In their study, Jelinek and Bergey (Jelinek and 
Bergey, 2013) evaluated the prospect of big data in innovation by applying the perspective of 
knowledge based view. Their work gives further weight to the assumption that big data analytics 
may be applied in the search and discovery of new market and resource innovation opportunities. 
Additionally, the authors theorize how Big Data could assist in innovations to market orientation, 
including; identifying valuable features for customers, identifying feature bundles, and price-
points for these wanted features. 

With the overwhelming amounts of data now available for analysis, new insights will eventually 
be gathered. It is a matter of making the data contextualized and detailed that will allow 
organizations to obtain these insights, and discoveries that will be of business value (Storey, 
2012). Though many organizations are beginning to realize the massive opportunity that Big 
Data offers to discovering new opportunities, many organizations are still struggling to 
implement it (Davenport, 2014a). Davenport (Davenport, 2014a) predicts that incremental 
improvements will be more easily obtained, e.g. a targeted offer to a specific customer, but that 
innovations of a more radical nature may come to those willing to be patient and with the right 
strategy. Davenport also points out that the activity of mining data for discovery of new 
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opportunities is still in its early stages, but the potential is now being realized by strategists 
causing shifts in management practices. 

2.4.2 EXPERIMENTATION   
One particularly interesting offering of Big Data is the benefit it offers organizations in the field 
of rapid experimentation and testing (Bughin, 2010) (Brown et al., 2011). Experimentation can 
help managers distinguish causation from mere correlation, reducing the variability of outcomes 
while improving financial and product performance (McAfee and Brynjolfsson, 2012) (Brown et 
al., 2011). Experiments and the knowledge gained from them may guide decisions and provide 
the ability to test ideas and concepts for new products, business models, and innovations. This 
trend has the potential to drive a radical transformation in research, innovation, and marketing 
(Bughin, 2010).   

According to Brown (Brown et al., 2011), experimentation may take many forms. Primarily 
web-based companies, are able to set amounts of digital resources to conduct experiments. These 
online experiments reveal which factors drive user interaction or increase revenue 
generation(Brown et al., 2011). Even stores offering  physical goods can benefit from big data 
experiments to aid decisions (Brown et al., 2011). Retailers are beginning to monitor and log 
movements of customers, including interactions with goods in store. This data is aggregated with 
transaction records, to verify results of experiments on inventory, store layout, and pricing 
(Brown et al., 2011). A similar approach allowed one leading retailer to reduce the inventory 
levels by 17 percent, with no negative effects on market share (Brown et al., 2011). Even the fast 
food industry has equipped locations with devices to log operational data to aggregate with 
customer interactions, in store traffic, and ordering patterns. Analysts then model the impact of 
variations in offering, restaurant layout, and employee performance(Brown et al., 2011). 

According to Davenport (Davenport, 2014b), the use of experimentation will shift the way that 
organizations in all industries are structured and function. Specifically, a shift in the use of an 
iterative experimentation, insight, validation model for how organizations function. Using 
experimentation and big data as essential components of management decision making requires 
new capabilities, as well as organizational and cultural change. (Bughin, 2010) Most commonly, 
organizations lack the resources to design experiments and extract business value from Big Data  
(McAfee and Brynjolfsson, 2012, Bughin, 2010). This shift will require changes in the way 
many executives make decisions: trusting instincts and experience over experimentation and 
rigorous analysis. To effectively implement an experimentation culture, senior leaders must 
serve as models for the  “test and learn” system (Bughin, 2010). 

2.4.3 DECISION MAKING   
In more traditional decision making, executives and business leaders rely on experience and 
instinct. In the Big Data era, these skills will be substituted, or completely replaced, by 
experimentation and rigorous analysis (Bughin, 2010).This causes a movement towards more 
fact based decision making, instead of decisions based on personal instinct.  This will allow for 
more localized decision making, where the agent best suited for the situation makes the decision 
requiring less input from management, which speeds up the process. Big Data offers the tools 
and techniques to provide superior insight and predictability to support management decision 
making actions, aiding to solve formerly intractable business challenges (LaValle, 2011). Studies 
on data-driven decision making tested against more conventional methods, have produced clear 
evidence in favor of the data driven decisions (McAfee and Brynjolfsson, 2012). Schönberger 
(Mayer-Schönberger, 2013), in his book claims that “the biggest impact of big data will be that 
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data-driven decisions are poised to augment or overrules human judgment...statistical analyses 
forces people to reconsider their instincts” (p.141). Davenport (Davenport, 2014b) comments 
that this type of decision making requires processes for determining when it is applicable, i.e. 
when the relevant data is accessible. Nonetheless, many experts tend to believe what McAfee 
and Brynjolfsson called the simple formula of: “using big data leads to better predictions, and 
better predictions yield better decisions”(McAfee and Brynjolfsson, 2012)(p.5).  

Schönberger clarifies that Big Data does not mean an end to subject matter experts but rather that 
their unanimous decision making ability will have to contend with data analytics in the future 
(Mayer-Schönberger, 2013). Jelinek  (Jelinek and Bergey, 2013) also investigated possible 
implications and applications for big data in organizational strategy, specifically highlighting its 
potential to enhance operational and strategic decision-making. Organizations who are able to 
collect, manage and analyze data effectively are able to make better business decisions and 
create a lasting competitive advantage (Johnson, 2012, Brown et al., 2011). Big Data offers 
organizations an abundance and complexity of data, which when leveraged correctly affects the 
speed at which the organization may operate. With this increase in organization speed, new 
strategies for decision making are required (Johnson, 2012). The coming changes driven by 
technological development and management approaches need to be accompanied by dramatic 
shifts in how data supports decisions (Davenport, 2014b), which is further underlined by Brown 
et al(Brown et al., 2011) stating that: “Big data ushers in the possibility of a fundamentally 
different type of decision making”, while LaValle(LaValle, 2011)claims that:  “... old ways of 
decision making and management are breaking down.” (LaValle, 2011).  

2.5  BIG DATA IN FRONT END INNOVATION   
The potential of big data, and big data analytics, seems to be undeniable if one is to believe 
everything being published about the phenomenon today. Successful examples of enhanced 
customer knowledge and pattern recognition can already be found in practice, whereas the 
higher, more groundbreaking applications still seem mostly to be found in theory. From what can 
be gathered when turning to the research on front end innovation processes we anticipate that 
this is one of the areas where the impact of big data may be felt the strongest, but also where its 
implications are the least understood. Therefore, this will be further explored in the upcoming 
sections, with the hope that the empirical research presented will help to bridge these knowledge 
gaps.  

The Front End of Innovation (FEI) is the stage prior to the formal New Product Development 
Process (NPD), where ideas are generated and selected  (Koen et al., 2001). Organizations tend 
to focus on NPD while not as much attention has been put towards analyzing FEI (Koen et al., 
2001) (Reinersten, 1994). This is  due to  the number of resources available in terms of 
knowledge, tools, and management instruments for understanding and analyzing NPD 
(Boeddrich, 2004). The characteristics of FEI according to Koen, et al. (Koen et al., 2001) gives 
some explanation as to why the front-end is often referred to as being “fuzzy”; the nature of the 
work is experimental and often chaotic, it is hard to determine commercialization dates, funding 
is hard to secure and the revenue expectations are difficult to estimate. Several elements are to be 
considered as influencing FEI, from managerial processes to the psychology of individuals and 
how it affects their ideation capabilities (Boeddrich, 2004). This leads many organizations to 
consider FEI to be lengthy in terms of time, and typically poorly understood, yield the a large 
potential full for improvements (Reinersten, 1999). Additionally according to Boeddrich 
(Boeddrich, 2004), firms often struggle with FEI due to it requiring balance of creativity with 
structure, (Boeddrich, 2004). For the purpose of this study it may be of greater interest to 
establish a framework for FEI processes on a more overarching level.  
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The study by Koen et. al,  (Koen et al., 2001) on eight different companies presents a  common 
language for FEI processes. By comparing how eight different companies work with FEI they 
propose a theoretical framework comprised of five key elements; opportunity identification, 
opportunity analysis, idea genesis, idea selection, concept & technology development. These 
factors are driven by an internal engine including management and leadership practices and 
influenced by outer factors including organizational capabilities, business strategy, and outside 
environment (Koen et al., 2001).  

2.5.1  OPPORTUNITY IDENTIFICATION  
According to Koen (Koen et al., 2001), the first step of the FEI process in Opportunity 
Identification. Opportunity Identification “ is where the organization, by design or default, 
identifies the opportunities that the company might want to pursue”  (Koen et al., 2001)(p.50). 
Informal processes may also aid in the identification of new opportunities, like conversations 
between colleagues at the coffee machine (Koen et al., 2001).The tools, methods, and strategies 
organizations may utilize in this step vary from the informal to highly structured. Organizations 
utilizing a formal process for Opportunity Identification may incorporate creativity tools and 
problem solving techniques including; brainstorming sessions, mind mapping, causal analysis 
and fishbone diagrams. Developments in technology have allowed organizations to start using 
more technology based tools for Opportunity Identification.  According to Davenport 
(Davenport, 2014b), one of the best uses of Big Data may be in the discovery (identification) of 
new opportunities for organizations. However, no clear process, inputs or outcomes have yet to 
be described by Davenport or other authors. Hence, it may be interesting to examine: 

RQ1: What potential does Big Data have in identifying new opportunities? 

2.5.2  OPPORTUNITY ANALYSIS  
For the identified opportunities to be turned into specific business and technology opportunities, 
Koen et al (Koen et al., 2001) suggests opportunity analysis as a necessary next step. As with the 
previous Opportunity Identification step, the level of structure in this process typically varies 
depending on the organization. Resources allocated for evaluating a particular opportunity will 
be dependent on the potential value of the opportunity, the resources required for realization,  
compliance with  organizational strategy and culture, and the risk tolerance of the decision 
makers (Davenport, 2014b) (Koen et al., 2001). 

Structured opportunity analysis requires the gathering and analysis of relevant information and 
data. These gathering techniques may include market studies, focus groups or scientific 
experimentation  (Koen et al., 2001).  However, organizations may also utilize an iterative 
approach that reacts to opportunities as they are identified. Generally, the iterative and less 
formal approaches are highly speculative, often dealing with assessment of scenarios in terms of 
answering “what if”-questions (Koen et al., 2001). Some analysis techniques may be employed, 
together with traditional competitive intelligence strategies, in order to improve assessments  
(Koen et al., 2001). According to Poskela (Poskela, 2005), it is critical for organizations to 
pursue the opportunities that most align with the vision and strategy set out by the leadership.   

The need for proper data and accurate decision making is therefore of strategic importance for 
organizations regarding Opportunity Analysis. This step is highly driven by strategy, vision, as 
well as influences both internal and external for the organization. Previous applications Big Data 
have already shown the ability to increase decision making accuracy, and speed. However, little 
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research has been done in how this type of Big Data driven decision making capability can be 
applied to evaluating opportunities. Therefore, an interesting topic area of study would be: 

RQ2: What potential does Big Data have in analyzing opportunities? 

2.5.3  IDEA GENESIS  
This process is greatly enhanced by input from cross-functional teams, collaborations with 
outside actors, or customer and user feedback. Boeddrich (Boeddrich, 2004) touched on the 
subject of the intersection between ideation and IT-technologies, contrasting it with the 
sometimes more idealized scenarios where ideas spark out of free and somewhat chaotic 
circumstances. ‘The technocratic route to innovation’ is what Boeddrich called the overuse of 
technology in ideation, describing it as a practice of pushing buttons to generate innovations. The 
work of Boeddrich is from a time preceding the big data era (published in 2004), and not related 
to big data-applications. It does, however, serve as an indication that IT-capabilities have been 
met with some previous skepticism in its possible application in idea generating processes. 
Looking at current literature, big data should have a role to play in these activities, therefore our 
third research question is: 

RQ3: What potential does Big Data have in generating new ideas? 

2.5.4  IDEA SELECTION  
One of the most critical steps in the FEI process is the selection of which ideas, projects, process, 
or products to invest resources in to develop or execute. According to Koen et al (Koen et al., 
2001), this step is where organizations must focus on their goal of achieving and creating the 
most business value. Approaches to Idea Selection vary from the informal to semi- structured. 
One method of formal project selection is the portfolio approach, more formalized approaches 
are made difficult by limited information and understanding this early in the project.  

Kock, et al.(Kock et al., 2015) proposes a portfolio management-strategy towards ideation in 
order to achieve success in FEI. They conceptualize their idea of Ideation Portfolio Management 
(IPM) by breaking it down into three dimensions; creative encouragement, process formalization 
and ideation strategy. Much like the framework proposed by Koen, et al. (Koen et al., 2001) this 
conceptualization gives some tangible parameters to the management of FEI. According to Koen 
et al(Koen et al., 2001),  a more structured approach to idea selection is made difficult since 
factors such as technological risk, investment level, competitive realities, organizational 
capabilities, competitive advantages as well as perceived financial returns are difficult to 
accurately define at this point in the project. Davenport (Davenport, 2014b) indicates that some 
of the ambiguity in competitive and market intelligence will be enhanced with big data. The idea 
selection process involves many uncertainties, which big data may be able to aid, thus we 
propose the research question:  

RQ4: What potential does Big Data have in the selection of ideas? 

2.5.5  CONCEPT & TECHNOLOGY DEVELOPMENT 
The final step of model developed by Koen et al (Koen et al., 2001), which may also be 
considered the initial step of the product development process, is Concept and Technological 
Development. Regardless of which model this step belongs to, a business case or model is 
developed using input of market potential, user and customer needs, capital requirements, 
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competitor analysis, and project risk (Koen et al., 2001). The structure of this step depends 
highly on the nature of the opportunity, either technological development, entering a new market, 
or a new platform, as well as the culture of the organization (Koen et al., 2001).  A business plan 
or a formal project proposal for the new concept typically represents the final deliverable of this 
step of the model. From this output the organization has a clear understanding of what actions 
are required for project success and which are the critical factors. Given that some models 
consider this as the first step of the product development process, it will not be included in the 
considerations for this study. However, the Future Work may draw implications for this step as 
well.  

2.5.6  COMMON FEI ISSUES  
As stated by Reinersten (Reinersten, 1999)(p.25), FEI is “a step in a larger process, and like a 
sub process it can be optimized. To do this optimization, we need to identify the precise outcome 
we are trying to optimize and how different process design choices will affect it.” The ten most 
common failings according to Reinersten (Reinersten, 1994) of organizations in FEI are caused 
by: broad strategy, portfolio bloat, lack of evaluation capacity, process bottlenecks , downstream 
overload, no process measurement, too much work on the critical path, all-or-nothing funding, 
failure to pre plan, one-size fits all processes. Portfolio bloat is a result of a too broad strategy 
that tries to include too many opportunities. With every opportunity added to the portfolio each 
opportunity receives less resources. Lack of evaluation capacity, another problem highlighted by 
Reinersten(Reinersten, 1994), results in more ideas added to the process limiting effective 
output. A variation of this problem can also cause process bottlenecks, as every idea needs to be 
evaluated by a specialist. These are but some examples of what some authors have pointed to as 
being common issues in FEI, more detailed explorations will follow in the coming sections.   

2.6 PROPOSED FRAMEWORK   
Benefits of BDA for organizations includes the ability to predict and identify trends and 
connections not possible with previous methods. The FEI process relies on various sources and 
types of data, in structured, semi-structured and unstructured processes to yield results. Given the 
proposed capabilities of Big Data it may have the ability to aid in the FEI process. However, 
theory alone for BDA and FEI is not sufficient evidence of how BDA may improve the FEI 
process, or which specific aspects of FEI would benefit the most from BDA. To explore these 
questions further, empirical evidence is required. Figure 1, the framework for the study. 
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Figure 1. Proposed Study Structure. 

 

As previously explained, the current literature on Big Data suggests that mining it for new 
discoveries holds great promise to organizations(Davenport, 2014a). If understood and 
implemented effectively it could provide a means for improving the often informal process of 
opportunity identification, explained by Koen et al,(Koen et al., 2001). Additionally, the process 
of generating ideas, or ideation, may also be supplemented by Big Data-driven discovery 
practices, although perhaps in a less straight-forward way. The empirical research intends to 
explore these topics further by seeking answers to RQ1 & 3, as indicated in Figure 1 above.  

As decision-making is another process where the potential of BDA seems to promise 
improvements in current practices, its influence in FEI could be expected in the areas of 
opportunity analysis and idea selection. These processes, as explained by Koen et. al,(Koen et 
al., 2001), are subject to the influence of data, and are quantifiable in some aspects, and involve 
decision-making on what to move forward with from a selection of given opportunities or ideas. 
As the proposed  Figure 1 indicates, RQ2 and RQ4 are directed at exploring this potential on a 
deeper level, trying to bridge the knowledge gap between highly skilled BDA-experts and 
experts in FEI.  
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3 METHODOLOGY    

The following chapter describes the methods used in presented study, including how relevant 
literature and empirical data was obtained.  

3.1 RESEARCH METHODOLOGY   
This study followed a two phased methodological approach, over a 20-week period. A detailed 
schedule of study activities may be found in Appendix A. The primary phase was considered to 
be a general knowledge building phase for the topics of Big Data and Front End Innovation. 
Given that the novelty of Big Data as a topic of study, the first phase aimed to build a general 
and holistic understanding of the topic area in order to identify relevant themes and specific 
topics to explore further.  This phase followed an explorative unstructured approach. The 
knowledge building activities in the first phase included a literature review including non-
academic sources, conference notes and presentations, as well as unstructured and semi-
structured pre-interviews with experts in data analytics and machine learning.  

Once a general understanding of Big Data was established, the second phase aimed to explore 
the potential for Big Data in the Front End Innovation. In order to complete this a qualitative 
semi-structured interview study was conducted with subject matter experts in both front end 
innovation as well as Big Data. This phase also included surveys, and follow up questions with 
all interviewees. 

3.1.1 THEORETICAL CONTRIBUTION 
The aim of this study is to develop a conceptual work on the Front End of Innovation theory to 
include considerations and potential for Big Data and Big Data Analytics. As discussed by 
Eisenhardt (Eisenhardt, 1989), theory development through a qualitative approach is highly 
iterative, involving updates to the study aim, research questions, documentations and methods 
for analyzing data. This approach, according to Eisenhardt has a great likelihood of generating a 
developing theory through the analysis of contradictory or paradoxical evidence through the 
literature review or study results. Using the data gathered from the study, the results will aim to 
contribute to existing theory for the Front End of Innovation. 

3.1.2 LITERATURE REVIEW 
A comprehensive literature review was conducted to explore the topic of Big Data. As the 
authors of this study had little previous experience in this field this phase was required to build a 
holistic and general understanding of subject matter. Prior to the start of the study, two books 
were read, to build a foundation of knowledge. These books present material for Big Data aimed 
at managers and professionals (Mayer-Schönberger, 2013), the other being more business 
oriented (Davenport, 2014a). As the current leaders of management publications on big data, 
these sources served to build a foundation of knowledge in the field and introduced topics on a 
general level. 

Once the general themes and topics of Big Data were identified, database searches were 
conducted to identify relevant academic literature. The literature obtained from the academic 
databases were of varying format, some being peer-reviewed academic articles. In particular one 
article found, by Wamba (Wamba et al., 2015), included a meta-analysis of literature on the 
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possible impact of Big Data. From the references in the article by Wamba a significant amount 
of relevant literature was obtained. The nature of the material varied from industry reports, 
management magazines, to academic articles. Additional sources of literature were identified via 
publications from industry including white papers as well as reports from consulting firms 
dealing with Big Data. 

Having previous experience in reviewing literature on innovation management, locating 
literature on this topic was facilitated firstly by using sources identified in previous academic 
courses.  Once the topic was narrowed in on front end innovation, relevant literature was 
obtained from database queries.   

3.2 DATA COLLECTION 
The methods for data collection for this study included  semi-structured interviews, surveys and 
follow ups as recommended by Voss (Voss et al., 2002).  The data collected in this research 
consisted of 6 pre-interviews, 12 interviews, 9 pre-interview surveys, and 7 post interview 
surveys. The reliability of the data may be enhanced by including informal data such as 
conversations, attendance at events, and surveys. 

3.2.1 PRE-INTERVIEWS  
Driven by the strong technological ties to the aim of the project, pre-interviews were utilized to 
build general knowledge, and to begin identifying subject matter experts that could be of interest 
in later stages of the project. The goal of these unstructured, informal interviews, was to provide 
the authors with a better understanding of the topics of machine learning and computer science. 
These interactions aided in framing the most relevant information and pin-point questions for 
further exploration. 

Interviewees were identified via personal reference or organizational affiliation. The interview 
duration was approximately 1-2 hours, and conducted either in person or via online video 
conference. The table below presents the information on the six pre-interviews. 

Table 1. Details on pre-interviews 

Interviewee Affiliation Position Location Medium Duration 
PI-1 Major ICT Firm Executive Sweden Skype 60 min 
PI-2 Consultancy Consultant Sweden In Person 120 min 

PI-3 Research Institute 

Computer 
Science 

Researcher Sweden In Person 
120 min 

PI-4 University 

Professor - 
Machine 
Learning 

Sweden 
Skype 

60 min 

PI-5 University 

Professor - 
Machine 
Learning 

Sweden 
Skype 

60 min 

PI-6 University 

Professor - 
Machine 
Learning 

Sweden 
Skype 

60 min 
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As shown in Table 1, a total of six pre-interviews were conducted with subject matter experts in 
Big Data, Machine Learning and Data Security from both academia and industry. The blend of 
expertise and experience offered a breadth of potential information for the study. Red threads 
were identified in these interactions as possible topics for further exploration in the structured 
interviews to take place in Phase 2 of the project. This integration of various types of data is 
known as triangulation (Voss et al., 2002).    

Immediately following each Pre-Interview, a post interview worksheet was completed. The aim 
of which was to consolidate the knowledge shared during the interview and to compare each 
interviewer's notes and impressions. The sheet contained practical information such as name, 
organizational affiliation, the date of the interview, and method. Information was also collected 
to help iterate the interview process, including questions to follow up with, or to ask the next 
interviewee, and recommendations from the interviewee on other potential participants to 
include. Topic information pertaining to machine learning, and big data was also collected and 
sorted by specific topics or themes. Notes were made of common themes, contradictions or 
interesting inputs between interview results. 

3.2.2 SURVEYS 
In order to increase the reliability of the data, an additional sources of data collection were used 
prior to and post interview in the form of a brief survey. This method is described by Voss (Voss 
et al., 2002), as triangulation, i.e. the use and combination of different methods to study the same 
phenomenon. A pre-interview survey was sent to interviewees before the interview was to take 
place. The survey (Appendix C) aimed to help the interviewers understand the background, and 
experience of the subject, and thus better prepare for the interview. Using a semi-structured 
interview process, the pre-interview survey allowed the interviewers to focus on relevant topics, 
and manage time during the interview more effectively.  

A post interview survey (Appendix D) was also utilized. This survey utilized a Likert scale 
questionnaire to gauge interest and relevance in the topic area of the study. By using a 
quantitative questionnaire at the end of each interview, data can be confirmed, negated or 
inconsistencies may be identified.     

3.2.3 INTERVIEWS  
Interviews were conducted face to face when possible, or via the video conferencing software.  
With the interviewees permission, interviews were audio recorded for later review, and 
transcription of specific segments. With two persons responsible for conducting the interview, 
confidence of interview data is increased through convergence of observations (Eisenhardt, 
1989). Interviews were conducted using the two person method described by Voss (Voss et al., 
2002), where one interviewer takes the lead role while the other takes a lead data collection role 
mainly through noting key quotes, concepts or discrepancies.   

In order to drive consistency across interviews, and to maintain a continuous improvement 
process, a formal interview protocol was developed. This guide, which can be seen in Appendix 
E was a live document that detailed the procedures for the interviewers prior to, during and 
following each interview. The document was reviewed after each interview and updated 
accordingly.  
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3.2.3.1  Interview Guide 
The semi-structured interview guide was used to outline the subjects to be covered during an 
interview, stating the questions to be asked. By developing an interview guide, interviews are 
organized and create a framework for topics to explore. The incorporation of the Pre-Interview 
survey allowed the interview guide to be modified to include or omit questions. Adjustments 
such as these allow for exploration of emergent themes and to take advantage of opportunities 
present in a given situation, as was suggested by (Eisenhardt, 1989).    

Interview guides were sent prior to each interview to allow interviewees to prepare properly and 
to create awareness of the desired subject area for the interview.  Interviews follow the model 
proposed by Voss (Voss et al., 2002) known as the  funnel model, where interviews begin with a 
set of broad open-ended questions, and through the course of the interview questions become 
more specific, ending with the most detailed questions. 

3.2.3.2 Interviews  
Results gathered from the interviews are presented in table format, where brief summarizations 
of identified topics are provided. The tables will also contain specific quotes highlighting key 
points related to the identified topics.  

Table 2. Details on interviews and interviewees 

Interviewee Affiliation Position Location Form Duration 

A Technical 
University Professor Sweden Skype 60 min 

B IT-consultancy  IT Consultant Denmark Skype 60 min 

C 
Manufacturer 

heat exchanger 
industry 

Innovation 
Manager Sweden In Person 60 min 

D Consultancy firm 
in Sweden Consultant Sweden In Person 60 min 

E Major IT 
company 

Tech Sales & 
Solutions 
Architect 

Sweden In Person 60 min 

F Heavy industry 
manufacturer 

Head of 
internal 

incubator 
Sweden In Person 40 min 

G 
International IT 

& Tech 
consultancy firm 

CEO Norway Skype 60 min 

H 
Idea 

Management 
firm 

CEO Sweden Skype 60 min 

I IT-consultancy Partner United Kingdom Skype 60 min 

J Targeted 
Advertising CEO Sweden Skype 80 min 

K Startup 
Sales & 
Project 

manager 
Sweden Skype 40 min 

L IT Consulting Data Scientist  Sweden Skype 60 min 
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3.3 DATA CODING AND ANALYSIS   
This study analyzed interviews using a coding methodology as well as analyzing survey results 
to gain a more holistic understanding of interview expertise and potential applications for study 
results.   

3.3.1 SURVEY RESULTS   
The Pre-Interview survey (Appendix C), was analyzed reviewed for each interviewee during the 
interview preparation phase per the Interview Protocol (Appendix E). Given the explorative 
nature of the project the selections by the interviewee on their knowledge, expertise and 
experience provided a perspective for the interviews. When results indicated specific knowledge, 
the interview was focused primarily on the indicated knowledge area. However, when the survey 
indicated that the interviewee had a more general, or diverse knowledge base then the interview 
was prepared with more explorative questions including multiple themes, topics and abstract 
questions.  

Responses from the Post-Interview Survey (Appendix D) was analyzed primarily to gain an 
understanding of individual and organizational interest in the study topic area. The aim of the 
post interview survey was not to have a statistical analysis of results rather to show trends 
amongst interviewees in the study.  

3.3.2 INTERVIEW CODING  
The primary analysis technique of this study was qualitative coding. Using interview notes from 
each interview, and the audio recordings each interview was transcribed to a text format in a 
separate text file each interview. These text files were reviewed, and relevant information was 
highlighted and transferred to a spreadsheet software. In the spreadsheet each of the preselected 
quotes from the interview was added to a unique cell location. Once all interview data was 
formatted into a spreadsheet file, selective coding was carried out to select core themes 
categorizing and relating it to the other categories. The fragment interview results were then 
analyzed in both the context of that particular interview to form overall impressions as well as 
compared to the other interviews. The spread sheet was then organized with interviewees 
comprising rows and columns designating common topic themes between the interviews. 
Themes were then reviewed in accordance to relevance to the aim of the study and applicability 
to the research questions. Relevant themes were then tabulated and are presented in the results 
section.  

3.3.3 ANALYZING INTERVIEW DATA   
Eisenhardt  (Eisenhardt, 1989) describes using a two step analysis: analysis within interviews, 
and searching for cross-interview patterns. Each interview will firstly be analyzed as within case 
data. Secondly, the interviews will be analyzed for cross-interview patterns. The aim of 
analyzing each interview data separately is to allow unique patterns of each interview to emerge 
before you seek to generalize across interviews  (Eisenhardt, 1989) This results in the author(s) 
having a detailed understanding of each interview separately, which greatly facilitated the cross-
case analysis. 

Data gathered from the interviews was analyzed through retrospective write-ups describing the 
main points of interest. This enabled some organization and overview of the large amounts of 
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data that were initially gathered. It also allows for deeper understanding of the material, as the 
data from each interview became more comprehensible.  Per the method described by Voss 
(Voss et al., 2002), immediately after each interview a detailed write up was conducted to 
maximize recall and to facilitate follow-up and filling of gaps in the data. This documentation 
included typing up of notes, general impressions and transcription of recordings which was put 
into a spreadsheet format for easy overview. According to Voss (Voss et al., 2002), the existence 
of good documentation allows a chain of evidence to be established. 

One individual interviews were analyzed, all of the data was compiled to a single spreadsheet for 
an across-case perspective in order to identify interesting patterns. A spreadsheet was created 
with interviewees as the row headers and themes and topics as column headers. A tactic 
suggested by Eisenhardt(Eisenhardt, 1989) was employed, whereby dimensions were selected 
and subsequently evaluating within-group similarities coupled with inter-group differences. 
These were then analyzed to find commonalities, differences and anomalies. 

3.4 CONSIDERATIONS 
The methodology of the presented study is subject to a number of considerations including 
replicability, reliability and validity of the study. Replicability, as defined by Bryman, is the 
degree to which a result or results of a study can be reproduced (Bryman, 2007). In terms of 
external reliability, or the ability for this study to be replicated, the procedures and methods are 
provided in detail and clearly for a replicate study to be conducted. However, as Bryman 
(Bryman, 2007)(p.472) states, “it is impossible to ‘freeze’ a social setting and circumstances of 
an initial study”. If a replicate study repeats the procedures of this study, it may be difficult to 
replicate the exact results. However, in order to increase transparency and replicability of the 
study respondent validation is provided at a high degree even though anonymous. Figure 2 plots 
each individual study participant according to their assessed knowledge in innovation and big 
data as well as similar details as given in Table 2. If similar levels of expertise are included in the 
sample population, then the results of a replicate study will be highly aligned with the results of 
this study.   

The external validity of the study, or degree to which findings can be generalized are motivated 
by two main factors, the sample population for the study and the time at which the study was 
conducted. The sample population for this study is based on experts, which were verified through 
career history, external references and current position and organization. These experts were not 
selected as a random sample but rather as leaders and experts in their particular fields. These 
experts, many of whom work across industries are able to give both general and specific 
information for their particular expertise. According to Bryman (Bryman, 2007), the results from 
a sample population are generalizable for the population set of the sample. Therefore, given that 
the sample population for this study were experts in various job functions, fields, and countries, 
the results of this study should be considered valid for a wide set of organizations.  

The results of this study should be considered valid for the time period in which this study was 
conducted. Given the exponential development nature of the technology industry, and the 
adoption rate of analytics into organizations, the results of this study are highly time sensitive. 
Results obtained in this study may not be valid or as valuable, if this study is to be examined or 
replicated in a number of years. The technology, and process for organizations will be 
significantly different. However, the study could be replicated at this time in order to provide for 
relevant results.
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4 EMPIRICAL RESULTS

 

The following chapter presents the empirical results of the study, gathered from surveys and 
interviews and then coded using the approach detailed in the previous chapter. Utilizing the 
analysis methodology detailed in the previous section, the results of the study are presented in 
table format, numbering from 3 to 11.  A summarization of each table and subtopic is provided.    

4.1 SURVEY RESULTS     
The Pre-Interview Survey (Appendix C), was sent out to all interview participants prior to each 
interview, of which 8 responded. The purpose of the Pre-Interview was to identify topic areas for 
the interview, in an effort to explore each participant's knowledge area in a time effective 
manner. Participants, were able to select multiple answers for each question so that the 
interviewers would be aware of knowledge area overlap or expertise in multiple areas. Of the 
respondents a majority responded to being knowledgeable in both Big Data Analytics as well as 
Front End Innovation. Table 3 below details the responses of the completed survey.  

Table 3. Pre-Interview Survey Results 

Question Response 
Number of 
Responses 

Which of the following are 
you knowledgeable in? 

Big Data Analytics 7 

Front End Innovation 6 

Which topic are you most 
knowledgeable in? 

Machine Learning 1 

Big Data 2 

Business Intelligence and Analytics 3 

Design Thinking 4 

Opportunity Identification & Evaluation 3 

Ideation and Idea Selection 2 

Innovation Management 2 

How would you characterize 
your experience? 

Primarily Theoretical 0 

Primarily Practical 3 

Theoretical and Practical 5 
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The Post-Interview Survey (Appendix D), was sent out to all 12 interview participants prior to 
each interview, of which 7 responded. The purpose of the Post-Interview was to gauge general 
interest in the study topic area both on an individual and organizational level for each 
respondent. Responses were conducted on a scale of 1-5, where 1 represented ‘Strongly 
Disagree’ and 5 ‘Strongly Agree’. These parameters were set by the online medium through 
which the survey was distributed. Though this does not represent a statistically valid sample size, 
most respondents believe that their is potential for Big Data in the Front End Innovation Process 
and that it would be valuable to the respondent’s organizations. Table 4 below details the 
responses of the completed surveys.  

Table 4. Post-Interview Survey Results 

Question Response 
Number of 

Respondents 

I believe there is potential for Big Data in Front End 
Innovation processes. 

5 5 

4 1 

3 1 

2 - 

1 - 

My organization is actively investigating this potential. 

5 3 

4 2 

3 1 

2 1 

1 - 

Knowledge on this topic would be valuable to my 
organization. 

5 5 

4 2 

3 - 

2 - 

1 - 

 



 32 

4.2 INTERVIEW RESULTS 

4.2.1 DEFINING BIG DATA  
In order to conduct data analysis during interviews it was important to establish a common 
language and to define upfront the key terms of the interview to build a mutual understanding. 
The definition of Big Data was found to be a main discussion point during the data collection. 
Table 5. contains results on the definition of the term Big Data. Three subtopics are presented, 
vagueness, amount and speed, source and analysis, which were derived from the coding of the 
interviews.  

Some respondents found the term Big Data to be vague or as being used incorrectly by 
individuals and organizations both in academia and in industry. Some found that more technical, 
or specific definitions were required, or even chose to omit the use of the term Big Data in favor 
of other terms which they found to be more clear and specific.  Some respondents felt that the 
available volume and speed of Big Data is a distinguishing factor. Key characteristics of Big 
Data were seen by some as being the ability to conduct real-time or near-real-time analytics on 
data from multiple sources. This is opposed to previous analytics style relying on previous data 
pools. Additionally, the volume of data being gathered, managed and analyzed seemed to be a 
defining characteristic of the term Big Data. What the term Big Data signifies includes the 
sources of data available currently that were previously not available. New data sources produce 
more semi-structured and unstructured data; however significant sources of structured data are 
also available. The most straight-forward way of categorizing sources is between human-
generated data and machine-generated data. Human-generated data includes social media, click-
stream, etc. Machine-generated data includes sensor data from devices and equipment. Big Data 
is seen as also encompassing the process of analyzing data. The methods for analysis are not 
new, what is new is the amounts and the speed of data being analyzed. Table 5. presents results 
from interviews, categorized according to the common themes discussed which are further 
highlighted by individual quotes. 

Table 5. Defining Big Data 

Topic Result 

Vagueness 

“I cringe slightly when I hear the phrase Big Data… it's mistermed. So in 
many ways I will avoid using that term in most descriptions. I prefer to 
look at how is data going to improve a business in terms of decision 
making, operationally, or how is data going to become a product for their 
business.”  - [ I ]  

“Big Data is data that is inconvenient to handle in a normal way” - [ L ] 

“I think the word ‘big’ is a little dangerous because the volume is not 
[big]; if you go to certain industries they work with such large volumes 
and they work with it using traditional relationship databases” - [ D ] 

Volume and Speed “...one of the major changes of course is real-time Analytics, which is 
possible now due to the amount of data we can move really fast which 
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wasn't possible it at all just five years ago.” - [ F ] 

“The biggest change is the speed factor here[...]maybe not the new types 
of data but how often you pick it[data] up, how quick you act upon it, 
how easy is it to integrate it with other data” - [ D ] 

Source 

“...I also see that a lot of the Big Data has another structure than it used to 
have, more semi-structured and unstructured data that will be used in Big 
Data going forward” - [ F ] 

“...big data comes more from machines and devices than from traditional 
internal systems” - [ F ] 

“...it's about all of the new devices that have data, it's not that the data is 
new it’s the number of devices making data that is new”  

- [ A ]  

Analysis 

“You can have a lot of data, but you have to do something with it, it is all 
about processes - you want people who can say ‘this is not good, we 
should do this instead’” - [ J ] 

“... being able to figure out use cases for streaming data, like social 
media,  has been a turning point” - [ E ] 

“...those pieces of equipment have always been able to stream data they 
just haven't been able to figure out what to do with it, it’s been useless.” - 
[ E ] 

“...the goal [ of Big Data Analytics ] is typically the same as before in 
terms of modeling....it does  not depend on whether you have huge 
amounts of data the tasks (analysis) are the same” - [ A ] 

“...we are doing just that [Big Data Analytics]  with applied mathematics 
It's something that's been around for a very very long time” - [ E ] 

4.2.2 INCREASED USER UNDERSTANDING  
One value from Big Data for organizations has been found to be the increased user 
understanding for organizations. Table 6. contains results related to the topic of increased user 
understanding. Based off of the coding of the interviews three subtopics were identified; User 
Interaction, Segmenting Users, and User-Product Relationship, and are presented below.   

The increase in connectivity has shifted what users expect from their products as well as what 
organizations must do to meet those needs. Using Big Data allows organizations to form a better 
understanding of their own users, which allows the organization provide more specific values to 
the user base. Increased ability to segment users based on specific habits and not just on age, 
gender, or other broad characteristics was found to be a common theme amongst interviews. 
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Data from customers can provide new insights for organizations. Customers can provide the data 
themselves, or the products they use can provide the data. From this data it is possible to uncover 
patterns that will give greater customer understanding.  

Table 6. Increased User Understanding 

Topic Result 

User Interaction 

“In innovation you have to think about the user in the first room 
(from the beginning) ” - [ J ] 

“People are tired of normal marketing and just being fed information, 
we want to be co-producers in what we do and what we consume and 
we want to be part of the creation for that.”  - [ K ]  

 

Segmenting Users 

“...I think this is something that will happen in the near future that 
companies will actually pay customers to get access to their 

personalized data because right now they try to use more or less 
general data to say something about specific customers but it would 

add a lot if they could get personalized data right away” - [ A ] 

“Many organizations are using Big Data as a tool to improve 
operationally, including marketing decisions, advertising decisions to 
better understand and segment customers.  Organizations are 
potentially being so much more intimate with their customer then 
they have ever been able to be.”  - [ I ] 

“(Clustering) It's used by companies that are segmenting customers 
by their buying habits. You would get customers with similar and 
buying habits, perhaps they would act similar to a promotion for 

instance.” - [ A ] 

“The purpose is often about the personalization, being relevant to a 
particular customer[...]segmentation and personalization is the most 

important driver” - [ L ] 

User-Product Relationship 

“As devices are connected there is a lot more data about how people 
are behaving or using things and there is a lot of innovation 
opportunity in that. Not only in understanding how the products are 
being used but in how you can change the channel to the user.”  - [ I ]  

“The product themselves can give feedback, instead of doing 
marketing research, we can actually look at how the products are 

being used.” - [ F ] 

“You can work with R&D, to put products out on the market with 
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sensors without knowing exactly why you're measuring all this stuff. 
But by that you will learn, about customer values that you may not 

have learned otherwise.” - [ C ] 

“What you can also do of course is collect all of the usage data and 
compare it to what you're trying to develop and then you can see in 
the future we will probably designed more based on usage data than 

we have before and doing it with a lot of different stuff.” - [ F ] 

4.2.3  BIG DATA IN DECISION MAKING  
Table 7. presents result on the topic of Big Data in decision making. Four sub topics were 
identified as Objectivity, Consistency, Risk Mitigation and Speed. Objectivity, relating how Big 
Data and analytics will provide a more objective input into decision making, in the form of an 
unbiased perspective. Consistency, was the second topic found amongst interviews. Analytics 
may offer organizations more consistent approaches and results in decision making regardless of 
individual, team or situation. The topic of Big Data and its effects on Risk Mitigation, is the third 
common theme. Data analytics can be used to mitigate risk and uncertainty in decision making. 
The benefits of this may include being able to test ideas better, leading to more radical ideas 
being realized. Moreover, Big Data has the possibility of increasing a variety of values in 
decision making, including the Speed at which decisions may be made or will be required for 
successful organizations. 

Table 7. Big Data in Decision Making 

Topic Quotes 

Objectivity 

 

“if you collect ideas when it comes to open innovation and you still 
just give it to seven people that are the same set of people you would 
shut in a room. They would still judge the ideas based on their prior 
knowledge, or mood, or how they influence each other.” - [ K ]  

“instead of basing decisions on culture or whatever you always say 
that you have, or because the position you are in you are allowed to 
take those decisions so explicit experience, hierarchies, that reality is 
not going to be questioned then by self-learning algorithms” - [ H ] 

“our brains are very sensitive to different kinds of manipulation... 
When selecting or making decisions but in reality we are very easy 
to manipulate so that is a factor that human being it is very difficult 

for us to be objective when it comes to decision-making  

“- [ H ] 

“With analytics you will get more objective answers to the more 
strategically questions” - [ L ] 
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Consistency 

“Accuracy, consistency, speed with which changes can be made or 
identified, those are the big leavers that I think about in the way data 
can be applied in the decision making process.”  - [ I ] 

“Big Data provides consistency in decision making, whether there 
are pricing decisions, or marketing decisions are made across 
channels.”  - [ I ]  

Risk Mitigation 

“The way you use data in decisions, and decision trees is critical. 
The better sources of data you have, then the results in your decision 
trees can be much more accurate.”  - [ I ]  

“the idea of course when you're doing analytics is to decrease the 
uncertainty overall. If I have a better and more data when making a 
decision, that is going to of course remove uncertainty to an extent.” 

- [ F ] 

“With analytics you will have a head start on uncertainty, you will 
have more information when making your assumptions. It will 

probably also allow for more radical ideas because you can show the 
potential earlier. Probably use data to prove that there is a potential 
witch you haven't been able to do before and that's way go for more 

radical ideas and actually affect the competitive advantage even 
more of the rest of the company” - [ H ]  

“We can for example make one product red, one blue, and one green 
and test responses in real-time with real users” - [ J ] 

 

Speed 

“You can do real-time analytics on customer behavior of course, and 
you can also do more prescriptive Analytics. So you can go from 
insights to actions to help people make analytics or decisions that 

help of data in real time.” - [ F ] 

“The other thing is the speed of which you can make decisions 
which is of course much faster than earlier “- [ F ] 

“Because the data will have much bigger value than it used to have, 
traditionally you did ‘what happened’ analytics, now you're going to 
do ‘what's going to happen’. Actually now the data can tell you what 

you need to do, and the time span for making these decisions is 
going from months, to minutes and seconds basically.” - [ F ] 
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4.2.4 DATA IN ORGANIZATIONAL DECISION MAKING   
The coded results indicated that decision making from an organizational perspective was 
recurring theme in the interviews. This differs from the previous section which focused on 
general benefits of data driven decision making. Table 8. provides the results divided into two 
subtopics; Decision Support, signifying how analytics can provide a clear perspective to factor 
into the decision making process, then the decision can be made either by a computer or by a 
human considering other factors. The second sub topic identified is Organizational Decision 
Making, signifying that analytics can be used to support decision making at a variety of levels in 
an organization. 

Table 8. Data in Organizational Decision Making 

Topic Quotes 

Decision Support 

“I would say for decision-making, typically it is not an automatic 
system[...] the data analytics provides you with the support “- [ A ] 

“that’s just where I think that big data comes into play wherever you 
can see large pieces of information that you would not normally 

have time to look through” - [ E ] 

“So big data analytics is going to have a big impact on strategic 
decisions making as well...I think the human is going to use it as a 
tool for understanding their own business, and their markets and to 

make the strategies.” - [ F ] 

“.... but just to come up with show me the most statistically proven 
best options I can have based on the information. Than I can choose 
to use or not to use it, but at least give me some sort of suggestions.  

“- [ E ] 

“we don't expect these algorithms to replace human but to help 
humans” - [ G ] 

“There are types of decision making that are hard for a computer, 
that are easier for humans[...]the less data you have the more you 
have to rely on the prior knowledge or feeling of the human...” - [ L 
] 

 

Organizational Decision 
Making 

“The focus now is on one particular problem, but soon we will look 
at a ‘model of models’, or a hierarchy of models, where we can do 
scenario analysis, or simulations of entire companies to see if do this 
investment[...]’this’ is the likely results” - [ L ] 

“Analytics can be used... every time your organization carries out a 
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decision, whether or not it is a decision where or when to build 
another production plant in five year’s time, or how to ship one unit 
of this specific item to a specific location within the next hour. “- [ B 

] 

“Again, it depends on if you are looking at micro opportunities or 
strategic opportunities...those are two different decisions and so kind 
of strategic to operational scale...But those are decisions, and every 

time you make a decision that decision can be supported by 
analytics” - [ B ]  

“Used for strategic decisions of every kind, like where to make 
investments, and the tactical of the most automatic kind” - [ L ] 

4.2.5 BIG DATA FOR IDENTIFYING OPPORTUNITIES 
Table 9. presents results for Big Data for identifying opportunities. The results contain three sub 
topics, the first one being Process, which focuses on the shortcomings of many opportunity 
identification processes. The second sub topic is Market Understanding, which signifies how Big 
Data analytics could provide new insights as more data is available from new sources. These 
insights can be used to understand, for example, where a market is heading. The third sub topic is 
Identifying Opportunities from Data, with responses on how Big Data or data in general could be 
leveraged in identifying opportunities.  

Table 9. Big Data for Identifying Opportunities 

Topic Quotes 

Process 

“The general way of opportunity identification is hoping that 
something will happen and just spring out of the air. There are few 
companies that have an outspoken process [for opportunity 
identification] and most small to middle sized companies don’t take 
the time to sit down and see how this should be done.” - [ K ]  

 

“When you look at the old ways of doing innovation, you basically 
shut everybody in a room and hope that somebody with come up with 
a bright idea and then you open the doors again. The problem is that 
these people talk to each other for quite some time and it's hard to get 
new input and new ways of looking at things.” - [ K ]  

Market Understanding  “... to understand how the products or the service is actually working 
in the marketplace, you must understand how you produce it, and 
what kind of constraints you have. With this information you have 
defined the problem, and can take advantage of your analytics” - [ F ] 
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“Of course if you look specifically at the front end of innovation then 
insighting is all this trend-spotting from different kinds of tools you 
need to do; you understand where the market is heading, where is the 
competition heading, where are the white spots, where do we need to 
be, and have you done your homework?” - [ G ] 

Identifying Opportunities 
from Data 

 

“our customers or our crowd thinks this, are we doing something 
similar? Can we adapt something that we already have into that idea 
or is this something completely new?” - [ K ]  

“Show me all the data of all my customers, and show me something I 
don't know what I'm looking for and perhaps I will see a pattern here” 
- [ E ] 

“What is interesting is when you start aggregating this data, and you 
start asking what could I do? Do I know what is happening out 
there?" - [ D ] 

“Big data drives new opportunities in terms of new and different 
channels...” - [ I ]  

“It depends on the opportunity. There are big opportunities like 
moving into a new market, then there are very small opportunities in 
terms of identifying an opportunity a novel product to a given 
customer. So it depends on whether you're looking at one thing or the 
other.” - [ B ] 

4.2.6 BIG DATA IN IDEATION 
The theme of integrating Big Data in the ideation process was found to be a common theme 
between multiple respondents. Table 10. presents result on the topic of Big Data in Ideation 
where three subtopics were derived; The Ideation Process, Valuable Information in Ideation and 
Analytics to Facilitate Ideation. It was found that certain information, either external to 
organization or internal, is able to greatly aid in the ideation process. Additionally, with the right 
analytics and data, the ideation process could be made more efficient and effective.  

Table 10. Big Data in Ideation 

Topic Result 

Valuable Information in 
Ideation 

“When you start an ideation session, one method is to incorporate 
data into that session. For example, show how customers are using 
your products today, or showing the gaps in what you know about 
how the customer is using it. But you can also show what are my 
own people actually discussing unofficially, informally, about what 
we should do. What are sales people talking about, what are 
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products people talking about ...” - [ D ] 

“If you have people’s opinions, product data, sales data, and user’s 
data (external data), and bring that into ideation you have a much 
better ideation session” - [ D ] 

Process 

 “If you open up, either internally or externally, you can get those 
ideas that when see them you're like ‘what, why haven’t we thought 
of this before? It's so simple.’. Someone should have thought about 
it, but you're in a tunnel vision about what you do” - [ K ]  

“Of course the new things that you can do with virtual reality, 
including product testing and getting customer feedback. This can 
be used on everything from cars, to buildings ...it's going to impact 
a lot of the development process." - [ F ] 

“It's not enough to have a hackathon or an idea management system 
you have to have a physical workshop…you can't say everything 
will be digital, everything will be online with you in the cloud. You 
still need humans interacting, discussing, thinking and analyzing. 
But the data that can give you a better head start maybe.” - [ H ]  

Analytics to Facilitate 
Ideation 

“… [analytics may] give them a hint of where to start, it can give 
you suggestions of material to read or journals to look at or 
evidence to consider thought maybe you wouldn't have considered 
right off the bat so that maybe we always give them more options 
better options.” - [ E ] 

“In ideation, Big Data allows for randomized controlled tests more 
quickly and more accurately to test hypothesis.” - [ I ]   

 

“Using analytics would probably be more time and cost efficient... 
you could take the steps in the ideation process faster .... if we could 
just jump some steps and have a better starting point in for 
exploration.” - [ H ] 

“I believe that if you can analyze a lot of data, you can start even 
earlier [in ideation], or be more secure in what you want to do.” - [ 
C ] 

“When it comes to the ideation I believe...we can use algorithms to 
facilitate the ideation process and we are experimenting with those 
kind of algorithms right now but it is once again in order to create a 
better attention span.” - [ G ] 
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“Use the analytics to build some kind of framework ... it is not the 
data analysis that is creative, it's what you do with it that is in the 
next step that's creative” - [ A ] 

4.2.7 BIG DATA IN IDEA SELECTION 
Table 11. presents result on the topic of Big Data in Idea Selection. From the coding of the 
interviews the topic was broken down into two subtopics were identified; Common issues with 
idea selection and Idea selection perspective with analytics. Multiple interviewees expressed 
opinions on how organizations are still struggling with identifying optimal criteria for idea 
selection, and who in the organization should be making the relevant decisions, leading to the 
identification of Common issues with idea selection as a sub topic. Idea selection perspective 
with analytics signifies the interviewees thoughts regarding how data analytics should be one of 
multiple inputs when selecting or choosing between ideas. 

Table 11. Big Data in Idea Selection 

Topic Quotes 

 

 

Common issues with idea 
selection 

“So if you are looking for new perspectives and new ways of 
thinking then I think volume [of ideas] is what you need. Specially 
to get those really edgy ideas.”  - [ K ]  

“Just because there is a lot of data, doesn’t necessarily mean there 
are a lot of good ideas.” - [ I ]  

“Say that you are a small organization and you have a new product, 
you don’t really have the resources to hire a panel or a workshop. 
That can be quite expensive. So instead of doing that you can invite 
people from all across the globe to give you a first validation of 
your ideas. “  - [ K ]  

“If you don't know what you are looking for it is really hard to make 
the selection. I also think the criteria you use for selection needs to 
be taken seriously. Then I know there is a debate whether you 
should use experts in the evaluation process, or maybe not expert 
but more practitioners” - [ G ] 

Crowd Perspective “Instead of giving that to one person, or one board to evaluate 
everything we let the crowd do that first rating and evaluation…  
you get an unbiased view of the ideas and their value based on their 
experience and view of the brand and the product” - [ K ]  

“Say you get a list and you have the 10 best ideas [via open 
innovation] and then you take into your innovation management 
system or decide upon is this possible when it comes to our budget 
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or strategy etc.” - [ K ] 

Idea selection with 
analytics 

“... I think data analytics should be implemented when it comes to 
idea selection as one perspective” - [ G ] 
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5 ANALYSIS  

This chapter analyzes the empirical results in the context of the information from theoretical 
framework. During the analysis of the empirical results a number of common themes were 
discovered which may have implications for multiple research questions. These common themes 
include understanding the term big data, increased user understanding, and decision making. 
These common themes will be discussed broadly in this section, as well as analysis of results for 
individual research questions.  

5.1 INTERVIEWEE EXPERTISE  
Using the Pre-Interview results (Table 3.) together with the subjects covered throughout each 
interview a Figure 2. was developed to graphically display the expertise for interviewees in this 
study. This graphical representation is developed on a relative scale between interviewees and 
does not include any units. This may aid in framing the results of the interviews or with the 
replicability of this study. 

 
Figure 2. Participant Experience.   

5.2 DEFINING BIG DATA  
One finding is that several interviewees see the term ‘Big Data’ as an indication of the nature of 
data in terms of its volume and speed. However, some interviewees found the term to be more an 
indication of the computational storage or analysis capacity of the system. Data of volumes too 
large to store using standard techniques, and accessible at speeds that will impact the way 
analysis is performed. However, [D] commented on the fact that the word big in this sense is a 
relative term, because what may seem like a big data volume to a certain organization is normal 
to another. The volume parameter in the 3V’s model(McAfee and Brynjolfsson, 2012) signifies 
volumes that consumes huge storage, sometimes requiring storage on a cluster of devices 
(Wamba et al., 2015) which seems to conflict with opinions of some of the respondents. The 
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combination of speed and amount was highlighted by interviewee [F] as being a distinguishing 
factor of big data (Table 5). The two factors combined through the development of modern 
technologies has made real-time analytics possible. The speed at which one is possible to 
perform analytics on data seems to be the focus of several respondents which contrasts to theory 
in which the focus is on the speed of the actual data. 

Results from [A], [E] and [F] all indicate the importance of aggregating and collecting new and 
more data. This theme may not fall within the parameters of the 3V, or large computational 
definitions presented earlier, which indicated that the variety of available data has increased but 
leaves out how to combine different varieties. Several respondents echoed this notion as well, but 
the point made was more in regards to aggregation of data from different sources. 

The importance of the analysis of data was highlighted by several respondents because simply 
having access to data was not something valuable. More than one respondent also emphasized 
the fact that data analytics is in essence nothing new, just a broader application of standard 
mathematics. In the theory on big data some authors choose to integrate analytics it into their 
definition (e.g. (Jelinek and Bergey, 2013)), where others do not(Balar, 2013). In contrast to this 
respondent [J] offered the following: “You can have a lot of data, but you have to do something 
with it, it is all about processes - you want people who can say ‘this is not good, we should do 
this instead’”. The point of big data being about what you do with the data (analytics) was shared 
by multiple respondents and seems to indicate a common misunderstanding of the term big data; 
that the term is insufficient in describing the phenomenon when analytics is omitted.     

5.3 BIG DATA FOR USER UNDERSTANDING   
According to the results found in Table 6, users in the current market, according to [K] are 
shifting their expectations of organizations and products. Users are seeking more and more 
customized products, which deliver more specific values for individual users or specific 
segments. [K] discussed the increased ability of Big Data organizations to deliver more 
customized solutions, however [K] continued to discuss the attributes required for organizations 
to successfully meet this demand from users. These included open communication from users 
through communities or online platform, as a source of data in the FEI process and NPD process 
as well. This insight was additionally confirmed by [J] who stated that Big Data will drive 
organizations to consider user needs and values from the very beginning and for it to be an 
increasing driver in organizational operations. The results from [K] and [J] both parallel the 
characteristics of an Open Innovation program. 

The potential for big data in better segmentation of users to develop a better understanding of the 
user’s needs was another dominant theme in Table 6. Both [A] and [F], explained that currently 
organizations rely on market research techniques to describe users in a general way, right now 
they try to use more or less general data to say something about specific customers but it would 
add a lot if they could get personalized data right away” [A]. [A] and [F] both agreed in the 
sentiment that data analytics could be used to understand individual users and to segment them 
based on their habits. This would provide value to organizations “Because that will give you 
statistics from every customer based on their habits, not by what they're doing in focus groups 
and more traditional market research” [F].  

One method for gaining this type of understanding could be the incorporation of machine 
generated data, to gather usage data of how users interact with products. As stated by [C], “You 
can work with R&D, to put products out on the market with sensors without knowing exactly 
why you're measuring all this stuff”. This approach to data collection would allow organizations 
to gain insights into their products without knowing exactly what value they are seeking. This 
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approach could help organizations understand the ‘unknown unknowns’.  F continued by 
explaining that “the product themselves can give feedback, instead of doing marketing research, 
we can actually look at how the products are being used.” This type of insight would allow 
organizations to learn about the customer and value that may not have been captured otherwise 
[C]. [E] continued with this thinking by adding “Show me all the data of all my customers, and 
show me something I don't know what I'm looking for and perhaps I will see a pattern here”.  [F] 
concluded this point by stating that in the future usage data will be incorporated more and more 
in the FEI and NPD processes. 

Customer sentiments, segmenting users, and designs based on usage data all drive to deliver 
more specific values to users. In section 2.4.1 Discovery, Jelinek and Bergey (Jelinek and 
Bergey, 2013) discuss that Big Data could assist organizations with market orientation through; 
identifying valuable features for customers, identifying feature bundles,  and price-points for 
these wanted features. These key points for assisting organizations in market orientation all rely 
on developing or creating a strong understanding of the user and customer.  Therefore, there is 
clear potential for the collection, aggregation and analysis of customer usage data via Big Data 
methods in delivering value to organizations in terms of market orientation.  Increased market 
orientation may have implications for organizations throughout the FEI process.  

5.4  GENERAL DECISION MAKING  
Table 7. provides the results of the interview coding pertaining to Big Data effects and values on 
decision making. One of the areas of largest concern for [L][H] and [K] when it came to 
organizational decision making was the lack of objectivity in human decision making. [K] 
reflected that team decisions are often influenced by “prior knowledge, or mood, or how they 
influence each other”. [H] stated that analytics could drive decisions on data free of 
organizational pressures like culture, hierarchy or prior experience. The issue with purely ‘gut’ 
or emotional decisions, as stated by [H] is that “our brains are very sensitive to different kinds of 
manipulation...we are very easy to manipulate … as a human being it is very difficult for us to be 
objective when it comes to decision-making”. Algorithms will not factor in human emotion into 
the analysis, or organizational culture, thereby reducing bias and increasing consistency and 
objectivity in decision making.  

An additional value from an increase in analytics in decision making, derived from the 
consistency and objectivity of decisions, is the risk mitigation in decisions. However, in order for 
data to mitigate risk, according to [F], “If I have a better and more data when making a decision, 
that is going to of course remove uncertainty to an extent”.  [H] confirmed this sentiment stating 
that “With analytics you will have a head start on uncertainty, you will have more information 
when making your assumptions.” These results are aligned with the findings by LaValle 
(LaValle, 2011), which showed that top performing organizations and leaders  had “less 
vulnerability and greater certainty in outcomes as a result of their enhanced ability to predict and 
identify risk events, coupled with their ability to prepare and respond to them.”   

The speed at which decisions are able to be carried out, either through automation or analytic 
informed decisions was a major result of the study as well. [F] saw a great value increase for 
organizations in being able to make decisions at faster speed, approach near-real time results. 
LaValle (LaValle, 2011), Davenport (Davenport, 2014b), Laney (Laney, 2001), Brynjolfsson 
(McAfee and Brynjolfsson, 2012), and McAfee (McAfee and Brynjolfsson, 2012) all discuss the 
velocity of data available for analysis. However, if time for analytics, insights, and decisions is 
too long then bottlenecking with begin to occur in the data to decision processes. The value of 
real time data is greatly increased with the ability for decision speed approach real time.  
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More than one interviewee in the study emphasized this as a positive benefit of data-driven 
decision making. The results of LaValle (LaValle, 2011) agree with the potential increase of 
organization value for organizations stating, “ enterprises are operating with bigger blind 
spots … new analytics, coupled with advanced business process management 
capabilities, signal a major opportunity to close gaps and create new business advantage”. 
The possible application of big data analytics in decision making is recognized both in literature 
and in practice. It will have an impact on the way organizations make decisions in general, 
reducing the need for expert input(Bughin, 2010). Instead reliance on experimentation, modeling 
and analysis will increase. 

5.5  ORGANIZATIONAL DECISION MAKING 
The results in Table 8 indicate that big data is viewed by many as a potential supporting 
mechanism in the decision making process. Interviewee [A] commented “I would say for 
decision-making, typically it is not an automatic system[...] the data analytics provides you with 
the support”.  Jelinek (Jelinek and Bergey, 2013) discussed how decision making happens in 
every level of an organization and that data analytics should be able to exert an influence no 
matter where in an organization a decision is made. How the influence varies depending on 
where in the organization the decision is made was, however, not discussed. Interviewee [L] 
gave some indication that the application of big data support in a decision can be more or less 
relevant depending on the amount of data available, claiming “...the less data you have the more 
you have to rely on the prior knowledge or feeling of the human”. This might also determine the 
level of automation a given decision making process may be subjected to. Strategic decision may 
not be fully automated but will however benefit from big data influence as suggested by [F] 
when stating “So big data analytics is going to have a big impact on strategic decisions making 
as well...I think the human is going to use it as a tool for understanding their own business, and 
their markets and to make the strategies.”  The automated decisions may be employed for 
deciding on “...how to ship one unit of this specific item to a specific location within the next 
hour. “which was brought up by [B]. 

The findings from literature presented in section 2.4.3 Decision Making, details how data will 
support decision making(Davenport, 2014a), but lacks in a description of how that will work in 
practice. Table 8 presents results giving some indication on what it in practice may look like, as 
several respondents emphasized that it will work as an added perspective in the decision making. 
There may be preconceived notions that it will replace humans in some instances, however the 
results suggest that it should work to help the human in most instances, exemplified by 
interviewee [G] saying “we don't expect these algorithms to replace human but to help humans”. 
Several interviewees highlighted the importance of understanding the fact that a human, in many 
cases, would still be the ultimate decision maker.   

5.6 THE POTENTIAL OF BIG DATA IN OPPORTUNITY IDENTIFICATION   
[G] stated: “Of course if you look specifically at the front end of innovation then insighting is all 
this trend-spotting from different kinds of tools you need to do; you understand where is the 
market heading, where is the competition heading, where are the white spots, where do we need 
to be, and have you done your homework?”. Davenport (Davenport, 2014b) states that one of the 
best uses of Big Data may be in the discovery (identification) of new opportunities for 
organizations. In their study, Jelinek and Bergey (Jelinek and Bergey, 2013) describe that big 
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data analytics may be applied in the search for new market and resource innovation 
opportunities.  

According to Davenport many organizations are beginning to realize the massive opportunity 
that Big Data offers to discovering new opportunities, but still struggling to implement it 
(Davenport, 2014a). Davenport also points out that (at the point of publication) the activity of 
mining data for discovery of new opportunities is still in its early stages, but the potential is now 
being realized by strategists causing shifts in management practices. According to Storey 
(Storey, 2012), one issues that many organizations struggle with is  the overwhelming amounts 
of data now available for analysis.. It is a matter of making the data contextualized and detailed 
that will allow organizations to identify valuable opportunities.  

We see that a critical activity in the identification of opportunities by organizations, stems from 
the organization understanding the realm of the opportunity. To identify a market opportunity, 
the organization must have a good understanding of the market it is interested in, in order to see 
an opportunity for a new product or service feature the organization must have a good 
understanding of the users for the product.  

One aspect in which BDA may aid in the identification of new opportunities for organizations 
may be through increased user understanding. According to [E], “Show me all the data of all my 
customers, and show me something I don't know what I'm looking for and perhaps I will see a 
pattern here”. [D] mirrored this sentiment by stating that “it is when you start aggregating this 
[user] data, and you start asking "what could I do? Do I know what is happening out there?". 
Therefore, through increased user understanding organizations can begin identifying trends and 
anomalies easier, facilitating the identification of opportunities. 

5.7 THE POTENTIAL OF BIG DATA IN OPPORTUNITY ANALYSIS   
As discussed by Koen et al(Koen et al., 2001), opportunity analysis in the front end of innovation 
is subject to different levels of structure depending on the organization. Some of the issues 
highlighted in this area have to do with uncertainties. The analysis of opportunities should result 
in better understanding of what opportunities hold the most value, what resources will be 
required for realization and how they fit with overall strategy and culture of the organization. 
Table 6., and Table 9. present results on user understanding and identifying opportunities. One 
relevant finding is the potential for seeing new things through the application of data analytics. 
For instance, understanding the market in which an organization operates in, is a critical task for 
organizations. Being able to minimize risk and increase the decision making capability 
“...Without the understanding of how the products or the service is actually working in the 
marketplace, how do you produce it, what kind of constraints do you have. With this information 
you have defined the problem, and can take advantage of your analytics” [F]. 

As discussed in the section on decision making, there is potential of adding a more objective 
perspective through data analytics. However, in literature, opportunity analysis is claimed to 
benefit from being aligned with vision and strategy set out by management(Poskela, 2005), 
something difficult to view objectively. Interviewee [H] highlighted some limitations of human 
cognition in relation to decision making, stating: “our brains are very sensitive to different kinds 
of manipulation... When selecting or making decisions but in reality we are very easy to 
manipulate so that is a factor that human being it is very difficult for us to be objective when it 
comes to decision-making” [H].  

The increased speed of decision making through the support of big data analytics is also a factor 
to consider, since it could possibly benefit opportunity analysis. Speed was something several 
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interviewees (e.g, [I]&[F]) saw as a positive. However, Wamba pointed out that: “..If data is not 
of sufficient quality by the time it has been integrated with other data and information, a false 
correlation could result in the organization making an incorrect analysis of a business 
opportunity.”(Wamba et al., 2015) which could indicate that there are issues to consider. One of 
them being the focus on speed compromising the quality of data, resulting in faulty analysis. 

5.8  THE POTENTIAL OF BIG DATA IN IDEATION      
Table 10 presented the interview results relating to ideation, consisting of three sub topics. The 
first topic presented results for which and what types of information were valuable in facilitating 
the ideation process. According it [D] on method of ideation is to consider “how customers are 
using your products today, or showing the gaps in what you know about how the customer is 
using it.” [D] continued by stating that “If you have people’s opinions, product data, sales data, 
and user’s data (external data), and bring that into ideation you have a much better ideation 
session”.  According to Boeddrich (Boeddrich, 2004), the ideation process is greatly enhanced by 
input from cross-functional teams, collaborations with outside actors, or customer and user 
feedback. It is therefore clear that the idea generation process may be aided by the incorporation 
of certain relevant information or data.  

The second subtopic of Table 10 contained results pertaining to the ideation processes, and what 
potential Big Data may have in the process. [H] felt that, though analytics could provide value in 
the ideation process that it was still important to have ideation driven through human interaction. 
[K] added to this that by opening up the ideation process through either external ideas or other 
sources of ideas, that it could aid organizations in battling “tunnel vision” in the ideation process. 
Tunnel vision in this context meaning to focus solely on the knowledge area of the participants 
of the ideation or the organization itself. Therefore, external influences in the ideation process 
could help yield more creative and radical ideas to be generated. [F] added that the incorporation 
of Big Data, and the use of virtual reality could provide interesting platforms for testing ideas 
with users with greater speed; “Of course the new things that you can do with virtual reality, 
including product testing and getting customer feedback. This can be used on everything from 
cars, to buildings ...it's going to impact a lot of the development process."     

Analytics as a tool to facilitate the ideation process was the third subtopic discussed in Table 10. 
[H], [C], [G], [A] agreed that analytics could provide a great value in the ideation process in 
regards to framing the ideation session or by helping to more clearly defining the ideation 
session. According to [G] “When it comes to the ideation I believe...we can use algorithms to 
facilitate the ideation process and we are experimenting with those kind of algorithms right 
now”. Though not currently using the process described above, [C] stated “I believe that if you 
can analyze a lot of data, you can start even earlier [in ideation], or be more secure in what you 
want to do.” This ability to facilitate ideation at greater speed and lower risk according to [H] 
“would probably be more time and cost efficient... you could take the steps in the ideation 
process faster .... if we could just jump some steps and have a better starting point in for 
exploration.”   

The use of analytics in the beginning of the ideation process was seen to be a great value for 
multiple interviewees. [I] felt however, that there was also a value from analytics and Big Data in 
regards to the ability to rapidly test ideas. The ideation process is highly iterative, requiring the 
testing of hypothesis. According to [I] “In ideation, Big Data allows for randomized controlled 
tests more quickly and more accurately to test hypothesis.”  

Boeddrich (Boeddrich, 2004)warns against data driven ideation, calling it the ‘ technocratic route 
to innovation’, describing it as a practice of pushing buttons to generate innovations.  However, 
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the aim is not to replace the creative process with analytics, “Use the analytics to build some 
kind of framework ... it is not the data analysis that is creative, it's what you do with it that is in 
the next step that's creative” [A]. [H] shared similarly with Boeddrich, stating that in the ideation 
processes “you still need humans interacting, discussing, thinking and analyzing. But the data 
that can give you a better head start maybe”.  This idea of using analytics as a method of support 
in the launch of the ideation process was confirmed also by [G], [F], [C].  

5.9 THE POTENTIAL OF BIG DATA IN IDEA SELECTION    
According to [K], [I] and [G] some organizations struggle in similar ways when it comes to 
selecting ideas. [K] and [I] both discussed that the volume of ideas may sometime be a difficult 
obstacle to overcome for organizations. [I] stated that “just because there is a lot of data, doesn’t 
necessarily mean there are a lot of good ideas”, where as [K] felt that “I think volume [of ideas] 
is what you need. Specially to get those really edgy ideas.” These two points illustrate both the 
need of large volumes of ideas in the ideation process and the difficulty of managing them.  

The results also indicated the use of either crowds, or analytics in crowdsourcing as a perspective 
when selecting ideas. According to [K] “Instead of giving that to one person, or one board to 
evaluate everything we let the crowd do that first rating and evaluation…  you get an unbiased 
view of the ideas and their value based on their experience and view of the brand and the 
product”. Whereas [G] stated a similar point regarding the use of analytics “... I think data 
analytics should be implemented when it comes to idea selection as one perspective.” 

When selecting ideas to invest resources in and execute decisions need to be made. The focus 
should be on selecting the idea that will provide the highest business value to the 
organization(Koen et al., 2001), this is  not trivial since the process itself may not be formalized. 
The portfolio approach suggested by (Kock et al., 2015) attempts to provide a structured 
approach to the selection process, but difficulties due to uncertainties also make it difficult. This 
early in the innovation process it is difficult to estimate technological risk and investment level.  

Table 7 presents findings suggesting that decisions made in this process could benefit from data 
analytics input. The benefit would be in the form of an added perspective based on data that 
could reduce the uncertainties affecting a given decision. The results also suggest that there is a 
need to “know what you are looking for” in order to support a decision effectively, highlighted 
by interviewee G in the statement: “if you don't know what you are looking for it is really hard to 
make the selection as well I think the criteria you use for selection needs to be taken really 
seriously, and then I know there is a debate whether you should use experts in the evaluation 
process or maybe not expert but more practitioners” [G].  

Results presented in Table 7 and Table 8 acknowledge that reducing uncertainty in decision 
making when selecting ideas could facilitate selection of more radical ideas. Data analytics can 
be used to “...prove that there is potential which you haven’t been able to do before.”, speculated 
interviewee [H]. 
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6 DISCUSSION  

This chapter is a discussion of the empirical results, and analysis of the project. Three common 
themes were found in all of the interviews, the definition of Big Data, implications of increased 
user understanding using BDA and the potential in the decision making process. Additionally, 
specific sections are presented for Decision Making, Organizational Decision Making, 
Opportunity Identification, Opportunity Analysis, Idea Generation, and Idea Selection. 

6.1 FEI MODEL  
This study chose to use the FEI model presented by Koen et. al,  (Koen et al., 2001) which 
proposed a theoretical framework comprised of five key elements; opportunity identification, 
opportunity analysis, idea genesis, idea selection, concept & technology development. This study 
chose not include the concept & technology development in order to limit the scope to subjects 
which could be considered separate from the NPD process. Koen’s model was chosen because it 
made clear separations in the FEI process, which were believed to be distinct and unique. 
However, throughout the course of this study the nomenclature of Koen’s process was found to 
be unclear or too similar for some participants. Specifically, many participants found the 
distinction between opportunities and ideas to be unclear. Even participants who originally 
indicated to have knowledge in opportunity identification and analysis were unclear as to the 
distinction between ideas and opportunities. There seems to be a disconnect between the 
academic model presented by Koen and what is easily understood by experts in industry.  

6.2 BDA DEFINITION   
As the results indicate, the term Big Data is subject to differing interpretations. Many 
respondents echoed the concepts found in the 3V’s model(McAfee and Brynjolfsson, 2012), 
pointing to the parameters of volume, velocity and variety. However, few seemed to agree that it 
provided a satisfactory definition. The shared notion between many respondents was instead that 
the nature of the data was of little interest and what really mattered was what an organization did 
with the data available to it. It seems the focus has been put too much on the data itself, perhaps a 
consequence of speaking only of big data and not big data analytics. This in turn meant that 
organizations focused on collecting and storing data under the notion that it was a beneficial 
activity in itself. Figure 3 provides an illustration of the process of big data collection and 
management may be perceived, labeled here the Bottom-Up Approach. What the results indicate 
is that too much focus has been put on the first steps (create data and collect data) in this 
process, and too little on the final three steps (data analysis, insight, actions, and value for 
organization). Greater value may be achieved when focus is put on understanding the desired 
outcome of the process before engaging in the data collection and creation.  
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Figure 3. Bottom-Up Approach for data driven organizational value   

If Big Data is to be considered a useful term the results presented in this study seem to suggest 
that it should always be supplemented with and analytics, to indicate that what is meant is the 
data and what it is done with the data. This is something that 3V’s model (5V’s in some cases) 
fails to capture. It seems that when speaking of Big Data, it is as important to focus on the 
analysis of data without factoring in its dimensions, as it is to speak of the volume, velocity and 
variety of the data itself. The impression received from many of the respondents was that many 
organizations neglect to formulate the relevant questions before collecting the data, that there is 
(or was) a sense that having data that is big means you are doing big data. The term should 
encompass the entire process, starting with asking relevant questions which guides the collection 
and aggregation of data, and turns it into actionable insights. Figure 4., the Top-Down Approach 
to data driven organizational value models how organizations could approach driving value for 
the organization.  

 
Figure 4. Top-Down Approach for data driven organization value   

Additionally, one could argue that the term Big Data has now been expanded, or supplemented, 
by concepts like Internet of Things (IoT), Advanced Analytics, and Artificial Intelligence, which 
are all interrelated to some extent. This may be a natural consequence of the vagueness of the 
term big data. The Internet of Things describes how more and more of the devices and machines 
in our environment are becoming more connected and digitized. The things around us becoming 
creators and collectors of data, which should add to the variety and volume of data available for 
analysis. Therefore, as indicated by several respondents, the term big data may be an insufficient 
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term as it fails to define anything, but rather works as an umbrella term for many other data-
related trends and concepts. This begs the question whether the term big data has become 
obsolete and should be removed from discourse, or whether a new all-encompassing definition 
should be developed. 

6.3 USER UNDERSTANDING  
In section 5.2 Big Data for User Understanding, it was shown that [K] expressed parallel 
characteristics between organizations following an Open Innovation strategy and the 
organization's characteristics of a data driven organization as defined by West (West et al., 2014) 
. Though not an intentional focus of this study, the similarities between a successful data strategy 
and open innovation strategy are significant. According to West, Open Innovation is a shift from 
internal focused R&D practices to include more external engagement. Specifically, West defines 
open innovation as “a distributed innovation process based on purposively managed knowledge 
flows across organizational boundaries, using pecuniary and non-pecuniary mechanisms in line 
with the organization's business model” (West et al., 2014)(p.811). Therefore, one method to 
successfully work in a data driven organization would be to operate in a digital open innovation 
environment. Where data sources, either internal or external to organization are factored into 
organizational process in a similar way that traditional Open Innovation organizations 
incorporate the external values from the open innovation.  

Understanding the user is a way of collecting information that can be used in the innovation 
process. Ordinarily such practices would include focus groups and observations in the field 
where the goal is to have the user explicitly describing needs, or empirically observing users to 
identify their needs. From the results presented in the current study it is likely that BDA will 
bring something new to this practice. As more and more of our personal devices and industrial 
equipment becomes connected to the internet, harvesting the data they produce will lead to new 
types of customer understanding. As many of the people we interviewed indicated, user patterns 
and behaviors will be reported by the machines themselves, rather than having the user provide 
feedback. 

The methods and techniques involved in BDA can help with segmenting users and determine 
things like who will be most susceptible to a given advertisement campaign, or whose machine is 
likely to be in need of maintenance. These approaches to deliver specific understanding and 
value, and may be viewed as the first step of the digital transformation process. These industries 
have shown that there is great value in delivering specific values at specific times, either in 
advertising or in machine maintenance.  The same approach and mindset of delivering specific 
values and specific times may be a strong consideration for meeting user demands for more 
specific values, and timing.  

In FEI user understanding can be a starting point for new ideas. The recently popularized 
approach of Design Thinking puts focus on empathy work, meaning trying to understand the user 
by seeing the world from their perspective. This study has determined that BDA will be able to 
capture and log user behavior through the analysis of data provided by the devices and machines 
themselves. This usage data, and increased customer feedback may begin to replace traditional 
market research studies which rely on statistical sampling and are more general in nature. As 
demands for more specific value increase by individual users and customer segments, 
organizations may need to contend with how features for customers, identifying feature bundles, 
and price-points are determined. This may be resolved through analytics driven determination of 
optimal value offering to the widest audience, increased product lines, or modular and 
customizable solutions. This demand by customers for more specific value offerings, may also 
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increase the number of actor active in a particular competitive environment driven by increasing 
demand for niche solutions. 

This approach assumes that data driven development will follow a ‘pull’ approach where 
organizations seek to meet the demands of customers. There may also exist interesting 
implications of data driving a push approach, to creating value for users. This could be assisted 
by advanced analytics and data driving more accurate and forward looking forecasting and trend 
spotting. In this approach organizations would be better able to predict what values will be most 
accepted by users which are not currently being called for.  

As also mentioned by some interviewees, the possibility of aggregating this type of data with 
other, sometimes unrelated, types of data, e.g. weather forecasts or social media streams, could 
add additional nuances to the understanding of users. This is likely to bring up issues of privacy 
and intrusion as some user may not be comfortable with sharing their own data, and questions 
will arise concerning who ultimately owns the data. Some interviewees foresee scenarios where 
the user’s data becomes a product, and users are able to sell or lease their data to organizations 
for analysis. At present, users simply give away their data in exchange for access to internet 
sites, communities or mobile applications, this interaction may begin to shift more toward the 
user driving the interaction. However, some respondents believed that the short term future 
would in fact yield an environment where digital privacy and personal data are freely given away 
for access to content or services. Though, this may not directly relate to application in FEI, this 
should be scenarios which data driven organizations are considering and have plans of action for.   

6.4 GENERAL DECISION MAKING   
The results of this study confirmed the benefits found in the theoretical framework for Big Data 
in the decision making process. BDA relies on building models for prediction in decision 
making, where accuracy is increased as volume of data increases. Therefore, in situations where 
little data is available, then a human decision maker may be superior. Additionally, when using 
BDA for decision making it is of vital importance to understand the input data of the model, and 
what variables are not modeled or included, known as the ‘known unknowns’. As with all 
decisions, there are also ‘unknown unknowns’.  

Given the limitations of BDA in decision making, there are clear benefits of implementation of 
such tools in the correct setting. In contexts where high volumes of data are available, and speed 
in decision making is critical for competition then automation of decision making may be 
considered. Examples of this may be found in financial trading, production control systems, 
targeted advertising, marketing, etc. In non-automated decision making BDA offers the benefit 
of a data-driven objective perspective of the situation. As discussed, human decision making 
may be strongly influenced from a variety of factors including emotional state, time of day, 
culture, and political influences, whereas BDA offers a decision based solely on the data 
provided.    

When shifting to a more data driven decision making process, it is of vital importance that the 
input data and analytics are well understood by the decision maker or team. This requires 
understanding what the data models represent and what variables are not included in the analysis. 
In some instances, where parameters are well understood, data is available in high volumes, and 
speed is a critical factor, decision may be considered for automated decision making. However, 
in instances of low volumes of historical data, insufficient models, then the analytics may be 
beneficial as an additional perspective for the decision maker. If data and analysis are used 
without understanding the limits of the results, then the risk of an inaccurate decision is 
increased. Therefore, when decisions are influenced by analytics then it may be of importance to 
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include an analytics expert to detail what variables are included and the limitations of the model. 
The pairing of context experts and analytics experts may be a suitable arrangement for increasing 
the effectiveness of data driven decision making.  

6.5 ORGANIZATIONAL DECISION MAKING  
In this study, the concepts of general decision making and organizational decision making were 
separated. This was done since organizational decision making was seen as a particular 
application of data driven decision making. The separation of this content may provide value for 
future work, or teams seeking to replicate this study. 

In the context of the organization many believe that big data and analytics will provide great 
challenges and benefits when it comes to decision making. The challenges seem related to when 
and to what extent analytics is applicable. Some decisions may benefit from being completely 
automated, whereas others benefit from using BDA as an added perspective to the human 
making the decision. It may be the case that some decisions should be made without the support 
of BDA, these decisions could perhaps suffer from overconfidence in the potential of BDA. 
What seems true though is that decisions could be seen as either micro or macro, micro decision 
are decision with very immediate consequences  

During the course of the project some interview participants were found to be hesitant in 
accepting that an analytical tool could be included in the FEI process. In this context the 
interviewee believed that the ultimate intention was to automate or focus on analytics in this 
process. However, the results show the potential strengths and weaknesses of BDA and conclude 
that it should ultimately serve to be used as a tool to offer an alternative or additional perspective 
to the decision making process. To do this successfully, it is important to realize the limitations 
of BDA and the benefits of a human decision maker. However, when the limitations of the data 
and analytics are well understood, the benefits of objective, consistent decisions may have great 
benefits for organizations of all types.   

There should also be considerations made for the analytical capabilities of the organization when 
deciding on the level of support for the organizations. It is not realistic to expect a still 
developing organization to have the same analytical capabilities as that of a more experienced 
organization. The clearest benefit of increased analytic capabilities from an organizational 
standpoint may be the ability to move beyond reporting and understanding past occurrences and 
moving more towards predicting and understanding what may happen.  Figure 5. Presents one 
model for visualizing the relationship between analytical development of an organization, the 
understanding of the environment it seeks to operate in, and the analytical tools available.  
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Figure 5. Analytics in Organizational Support 

6.6 OPPORTUNITY IDENTIFICATION  
One finding brought out by the research in this study is the lack of formalized procedures for 
identification processes. When asked about processes for opportunity identification most 
interviewees did not provide a clear answer to whether they were familiar with such processes or 
not. If nothing else, many interviewees had problems with distinguishing identifying 
opportunities from coming up with ideas. This could further attest to why the front end of 
innovation is often referred to as “fuzzy”, and was brought up in theory by Koen(Koen et al., 
2001) who pointed out that this process is rarely formalized and often unstructured. Therefore, 
direct questions on how opportunity identification could benefit from BDA was hard to find 
answers to. However, when talking in a broader sense about the identification of new business 
opportunities positive answers were obtained. 

Moreover, if an organization gains more detailed knowledge about its environment it should 
have a greater chance of identifying opportunities. BDA has the potential of offering such 
knowledge by improving user understanding and/or understanding of markets. Clustering and 
segmentation of user data could, for instance, bring out patterns and behavior representing new 
business opportunities. ML techniques such as anomaly detection could perhaps not only be used 
for discovering fraud, but to pin-point gaps in the market. Due to the explorative nature of the 
presented study, providing a more technically detailed picture of what it would look like in 
practice is difficult. What the study highlights is that there is potential for BDA in opportunity 
identification and also that if the application of such technologies is to be beneficial it would 
require more structured and formalized processes for opportunity identification. 

It is interesting to speculate whether the prospect of BDA could actually help with formalizing 
and structuring opportunity identification processes, because many authors, as well as 
interviewees, point out that BDA requires a strategic approach if it is to be successful. If an 
organization was interested in using BDA for identifying new opportunities the first step may be 
to develop a process that activity and factor in BDA as part of that process. Many interviewees 
gave indications that a lack of understanding “what questions to ask” from BDA exists in many 
organizations. Putting BDA in the context of front end innovation, starting with opportunity 
identification, would provide a starting point and focus on which questions to ask. For instance, 
the first question would be “how can BDA help us identify new opportunities?”, which could be 
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broken down into more specific questions by factoring in long term goals of the organization, 
etc. 

The first question of this study, RQ1 was “What potential does Big Data have in identifying new 
opportunities?”. It was found that BDA can be used as a means of gaining greater understanding 
of aspects and dimensions vital to identifying opportunities by providing an added perspective 
that considers data of dimensions impossible for humans to comprehend. 

6.7 OPPORTUNITY ANALYSIS   
The task of analyzing opportunities was described by Koen(Koen et al., 2001) as often lacking in 
structure. Similarly, to the task of opportunity identification, the level of structure in opportunity 
analysis varies depending on the organization. This notion was confirmed in the current study, as 
many of the interviewees had trouble understanding what the task of opportunity analysis 
actually involved. When further explained by the interviewer, referring to more specific tasks 
such as market studies, focus groups or scientific experimentation, many interviewees found it 
easier to understand. It did also, however, highlight the fact that structured and defined 
approaches regarding opportunity analysis are rare. It also gives further explanation as to why 
FEI is often described as fuzzy. 

Results presented in the current study does underline the belief in BDA as a way of improving 
decision making, and opportunity analysis should essentially be viewed as a way of determining 
the most promising course of action, i.e. deciding between a number of options. BDA provides 
new ways of analyzing data and with a good understanding of the relevant questions it should be 
able to contribute in opportunity analysis. Koen (Koen et al., 2001) pointed out that such 
questions would often be of the “what if”-form. In such cases the simulation of possible 
outcomes of a given decision would be beneficial, and from the current study it seems that BDA 
could offer such simulation capabilities. It will, however, be important to distinguish between 
opportunity analysis and idea selection, which is something that many interviewees seemed to 
confuse. In idea selection it may be more suitable to leverage machine learning techniques, if a 
sufficient amount of idea-data is available. Most likely this will not be possible in opportunity 
identification as the nature of an opportunity is much more ill-defined than an idea, hence harder 
to analyze. This would also mean that the decision making process can never be automated. 
What BDA should be able to contribute with is a means of making the outcomes of decision less 
opaque, and perhaps provide more detailed pictures of the factors necessary to consider when 
analyzing an opportunity. Therefore, the answer to RQ2 “What potential does Big Data have in 
analyzing opportunities?”, is that BDA can offer enhanced decision making in almost every 
context of an organization and in the case of opportunity analysis, as an added perspective, to 
facilitate the analysis by allowing greater understanding of factors important to consider (e.g. 
markets, user patterns etc.)  

6.8 IDEA GENERATION 
It was shown in the previous section that certain types of data may facilitate the ideation process 
with a better starting point, and increased speed, yielding what some interviewees felt to be 
better results. Specifically, [D] found that “people’s opinions, product data, sales data, and user’s 
data” were valuable data sources to consider in the ideation process. Section 6.2 discusses the 
increased understanding of users available to organizations through Big Data including usage 
data, and user sentiment. It is important that this aspect of incorporation of data into the ideation 
process to increase understanding is a tool for enhancing the abilities of the ideation processes 
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and team. Though a purely data driven ideation process may be possible, it falls outside the 
scope of this process. The purpose here is not to replace the creative process but to add an 
additional perspective. In much the same way that data driven decisions are shown to be more 
accurate, perhaps a parallel could be drawn to data driven ideation.  

Additionally, the ability to rapidly test concepts throughout the ideation process could allow for 
more accurate ideation with great speed in obtaining results. This testing could be conducted 
through channels similar to targeted advertising campaigns or as technologically advanced and 
VR prototyping of ideas for a total and immersive experience. This simulation could either be 
conducted from the point of view of simulating an experience for a real user to test, or perhaps 
by creating virtual persona algorithms which could test ideas as if a real user were present.   

Therefore, regarding the question “What potential does Big Data have in generating new 
ideas(ideation)?” asked of RQ3 it is found that Big Data offers a value in providing increased 
understanding of users, products and environments in the ideation process. These understandings 
can help facilitate better ideas, faster and with the ability to iterate them with greater speed.  

6.9 IDEA SELECTION  
One of the most interesting findings of this study was the variety of organizations currently 
working with using crowds or machine learning for creating or selecting ideas. [H] was the CEO 
for an organization which is developing a product which utilizes historical data from 
organizations as an input into a machine learning algorithm with the intention of aiding in the 
idea selection process. It was shown in the theoretical framework section, that any data trend or 
field could be data mined with the potential of creating a predictive model using machine 
learning. The main limitations of machine learning, is the quality and volume of data available 
when creating the model. Though the product is still being developed, there do not seem to be 
any theoretical or conceptual reasons for which it, or similar product could not be successful.    

Interviewee [K] on the other hand is involved in an organization which utilizes and open 
innovation approach to idea generation and selection. More specifically, many of the results from 
this interview drew parallels between open innovation approach to decision making and the 
results of this study regarding analytics in decision making. The key similarity between [K], [H] 
and many of the results of this study were in the fact that the analytics, or crowd should be 
utilized as a tool to assist a team or individual in selecting ideas.  

RQ4 asked, “What potential does Big Data have in the selection of ideas?”, it was found to have 
the potential to offer an additional perspective on which ideas an organization should move 
forward with. Specifically, it was found that this perspective could be driven through machine 
learning based on historically selected and successful ideas from an idea management system. As 
discussed in previous sections, analytics is often limited by quality of data, volume, and 
understanding of data. Therefore, this approach should be used as one additional consideration 
when selecting ideas. One example scenario could be that analytics or crowd selection is carried 
out in parallel to the standard selection process of an organization. Then the selection team could 
compare which ideas were found to be selected, and could discuss the similarities and 
differences in results. As mentioned in the previous section, analytics is able to drive values such 
as objectivity, and consistency in decision making. This value, may also be valid in the case of 
idea selection, which could be considered a specific form of decision making.  
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6.10 STUDY FRAMEWORK   
This study was conducted assuming the initial framework proposed in Figure 1.  This framework 
supposed that the value generation mechanisms from Big Data for Opportunity Identification and 
Idea Generation as well Opportunity Analysis and Idea Selection would be similar if not the 
same. Figure 5 below, is an updated version of the original framework. It presents the main 
findings of this study in brief format, the increased insights and decision support capabilities of 
Big Data and how they relate to the creation and selection aspects of the Front End of 
Innovation. This model depicts the solutions of the research questions in terms of increased 
insights, and decision support as the main findings.  

   
Figure 5. Research Question Results 

  



 59 

7 CONCLUSION 

This section will cover the conclusions of the study, including a summary of the findings and 
recommendations for future work.     

7.1 STUDY FINDINGS   
The aim of this study was to explore the potential of Big Data in the Front End of Innovation. 
Specifically research questions were aimed at the potential of Big Data in opportunity 
identification, opportunity analysis, idea generation and idea selection. The first requirement of 
this exploration was to create a common language and understanding in regards to the term ‘Big 
Data’. It was found that the term had implications in software, hardware, analysis of data and 
managerial implications. Interviews revealed that some experts were more concerned with what 
actual data was collected, the sources of data, what analysis were conducted to data, or how the 
organizations themselves implemented the results of the analysis. Table 12. below presents a 
summary of the findings of the study in relation to the research questions asked in the 
Theoretical Framework section. 

Table 12. Study Findings 

Research Question Result 

RQ1 
What potential does Big Data have in 

identifying new opportunities? 

Big Data offers organizations increased 
abilities in analyzing external environments 
including competitors, markets and users. 
From this information new opportunities 
may be identified. 

RQ2 
What potential does Big Data have in 

analyzing opportunities? 

BDA can offer enhanced decision making in 
almost every context of an organization and 
in the case of opportunity analysis, as an 
added perspective, to facilitate the analysis 
by allowing greater understanding of factors 
important to consider (e.g. markets, user 
patterns etc.). 
 

RQ3 
What potential does Big Data have in 

generating new ideas? 

Big Data could be leveraged in the ideation 
process through increased understanding of 
users, products and environments in order to 
better frame ideation sessions.  

RQ4 
What potential does Big Data have in the 

selection of ideas? 

Some organizations are beginning to utilize 
machine learning techniques using 
organizational idea management systems as 
data sources. 
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7.2 MANAGERIAL IMPLICATIONS  
Currently most organizations are focusing Big Data strategies on targeted marketing and sales 
campaigns, as well as predictive maintenance of machinery. These applications offer 
organizations greater operation and resource efficiency, while increasing task productivity. These 
applications were in some respects the first comers to the Big Data revolution, but as this study 
shows there are further reaching applications. Some industries, including the automotive, have 
began to gather data from their connected devices to drive updates and developments in the 
product development process.  

From the results and analysis presented in this report there are some implications that we believe 
are worth considering for individuals in managerial positions. Firstly, the benefits BDA can offer 
in FEI will be achieved when BDA is employed as an additional perspective to the current 
processes. One should not assume that effectively implemented BDA tools and strategies will 
work as substitutes for, but rather as complements or support to the human. What BDA offers is 
a more objective and unbiased input into activities where the human mind may have certain 
limitations. For instance, sorting through and analyzing vast amounts of ideas is not a task easily 
undertaken by one, or even several, individuals. Here a machine learning algorithm, provided a 
sufficient number of ideas to learn from, can facilitate selection by presenting a small number of 
ideas deemed interesting for a given purpose. On the other hand, a manager should not expect 
that simply employing BDA in their idea selection process will result in better ideas being 
selected. When the number of ideas is small, humans are better at selecting. In either case it 
should also be highlighted that the ultimate decision resides in the hands of the manager, and not 
the machine. It is important for managers to understand this, so that when implementing BDA 
technologies, it is done with the intention of helping the human, and not replacing him or her. 
The goal should be to create a symbiotic relationship between human and machine, where both 
entities benefit from each other input. How this should be accomplished in practice we can only 
speculate, but there will probably not be a solution that fits every organization. However, if it can 
be accomplished, managers should be able to increase the innovation capacity of their 
employees, and subsequently the whole organization.    

7.3 RECOMMENDATION FOR FUTURE WORK  
The aim of this study was an explorative qualitative approach to the potential of Big Data in the 
Front End of Innovation. Themes including opportunity identification, opportunity analysis, idea 
generation and idea selection were explored through research questions. Common themes in 
solutions were discovered, however implementation of these processes has not been confirmed 
or explored. Therefore, future work should aim to define precise organizational processes for 
implementation of Big Data in the front end of innovation and to test its benefit over previous 
FEI processes.  Additionally, research could be conducted to identify organizations which may 
be conducting some of the practices mentioned in this study. A case study of one or more 
organizations would provide additional data and understanding for Big Data in the Front End of 
Innovation. 
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APPENDIX A: PROJECT GANTT CHART 
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APPENDIX B: OUTREACH TEMPLATE (FINAL VERSION) 
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APPENDIX C: PRE INTERVIEW SURVEY (FINAL VERSION) 
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APPENDIX D: POST INTERVIEW SURVEY (FINAL VERSION) 

 

  



 68 

APPENDIX E: INTERVIEW PROTOCOL (FINAL VERSION) 

Pre Interview 

• Send out pre-survey 
• Review answers from pre-survey / impact on Q’s 
• Establish roles: 

o Who is interviewer? 
o Who is taking notes and responsible for audio? 

• Prepare questions 
• Clarify if Skype or Phone, what the skype names or phone numbers are 

During Interview  
• Discuss level of confidentiality 
• Set two recorders for audio  
• Make people ok with skipping questions 
• Interviewer: 

o 5 why’s 
o Ask notetaker for input 

• Transcriber/Notetaker: 
o Bullet Points of Convo 

 Try to mark times of interesting comments or discussion 
o Think of questions  

• Ask about follow up via e-mail (if necessary)  
• Ask about Follow Up Survey 

Post Interview  
• Send - Post-survey 
• Fill out post-survey matrix 
• Send Thank You-email 

o Provide details on how to access final result/paper 
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APPENDIX F: INTERVIEW GUIDE (FINAL VERSION) 

Intro 
Review Pre-Interview Survey Results 
What are your feelings on how technology can support decision making?  

 
Big Data Analytics Section 
Big Data Definitions 

How would you define Big Data and Big Data Analytics?  
How has BD affected data analysis? (Analyzing Data that is too big to analyze 
otherwise) 
How are organizations currently using BDA?    

Insighting / Insights  
What sorts of new insights are you able to gain now? 
What are the most valuable insights for organizations from BDA? In FEI? 
What effect is BDA having on how organizations understand their users / customers? 
What are organizations doing with this information?  

Decision-making 
How is BDA used in decision making? 
How is BDA affecting how organization make decisions?   
How will different types of decisions be affected? (Micro vs. more strategic, long-term vs. 
short-term?)  
How can you balance and manage BDA / machine learning results with human 
experience and instinct?    

Ideation 
How can BDA support ideation and creative processes?  
How could BDA help organizations generate ideas for products, services, innovation, 
etc?  

Idea Selection  
How can BDA be used in evaluating ideas?   

How can BDA be used to evaluate early stage ideas? (technological risk, investment 
level, competitive realities, organizational capabilities, competitive advantages, as well 
as perceived financial)  
How can BDA be used in selecting ideas? (Based off historic records or success?)  

Identifying opportunities   
What types of opportunities are you able to identify using BDA? 
How can BDA help organizations identify opportunities? 
How can BDA be leveraged to identify market opportunities? 

Opportunity analysis  
What insights can BDA offer in the analysis of different options or actions for an 
organization? 
How can BDA be used to determine / understand / identify risk? 
How can BDA be used to understand a market? 
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