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Abstract  

Machine learning is a field within the broader concept of artificial intelligence and addresses the 
questions of how to build systems which learn from experience. The field is one of the oldest 
disciplines in computer science but has had many recent advancements due to the large amounts 
of data being generated. Today, machine learning together with artificial intelligence is seen as the 
two most rapidly growing fields within computer science. 

The purpose of this thesis is to explore and identify the current knowledge base of machine 
learning across data analytics teams, within the matrix organization Wise Inc.. This study has been 
performed using an exploratory case study method, based on the embedded units within the matrix 
organization. In this research, the units represent thirteen different cross-functional teams existing 
within the Wise Inc. organization. All thirteen teams are data analytics teams and performing a 
variety of different analytics depending on the team’s individual purpose. The analysis of 
embedded units has been performed within the units, but also across units. Using data collected 
through a qualitative questionnaire and interview, the knowledge base of machine learning could 
be explored and identified. Analysing the collected data, it was showed that the knowledge base 
across the data analytics teams in Wise Inc. is currently relatively low. Two key teams have been 
identified to have a very high level of knowledge. The knowledge base was examined based on 
participants theoretical and practical knowledge when it comes to machine learning. The aspect of 
machine learning usage and experience was included in the analysis and appeared to show a weak 
positive correlation to the overall knowledge. However, the statistical significance could not be 
determined. 

The empirical study also indicates that across teams, the level of knowledge is slightly higher than 
the level of experience. As a positive result, most participants appear to have a good theoretical 
understanding of machine learning in relation to artificial intelligence, which normally is one of the 
most common miss-interpretations. Even though the overall knowledge base is low, there are a 
few key people which stand out with a high knowledge base amongst teams. Observing the team 
as a whole the knowledge base is medium, but when looking at the individuals within the team 
there are a few key members with high expertise. These people are not working within the two 
teams identified with a high machine learning knowledge base but are part of other analytics teams. 
These people are important to identify as they can contribute with great value to the Wise Inc. 
organization. 
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1 Introduction 

1.1 Background  

Machine Learning is a field which addresses the question of how to build a computer system which 
improves by itself and learns through experience. Today, machine learning is one of the most 
rapidly growing fields in technology, lying at the intersection between computer science and 
statistics, and at the core of Artificial Intelligence (Jordan & Mitchell 2015). 
 
It is very common that the concept of Machine learning is miss-interpreted as Artificial 
Intelligence, AI. Within the broad field of computer science, AI is one of the newest and oldest of 
disciplines. The broader field of AI attempts to understand intelligent entities and simulate human 
intelligence in a machine. These strives concerning intelligence can also be found in philosophy 
and psychology, but in computer science, the discipline of AI strives to build intelligent entities as 
well as understand them. (Russell & Norvig 1995). The ability to learn is the basic premise of 
human intelligence. This is why machine learning is considered as a method to achieve intelligent 
machines by having the ability to learn and adapt to its environment (Domingos 2017). 
 
Machine learning has had many advancements in the recent years, partly due to the advent of large 
data amounts being generated. Within organizations, data analytics is seen as one of the key 
functions to derive business value or customer patterns from all data the organization is either 
collecting or generating. Even though the opportunities of data are promising, there are certain 
implications that arise when the amount of data gets too large and too varied in regard to multiple 
data sources (Zhou et al 2017). A bottleneck for data analytics is the ability to analyse the magnitude 
of very large and complex data sets. These tasks can be supported by machine learning, which is 
an augmentation of the cognitive ability of humans (David & Schwartz 2014). Machine learning 
systems are both challenged and enhanced by large amounts of data since it enables algorithms to 
uncover more fine-grained patterns and make more timely and accurate predictions than ever 
before (Zhou et al 2017). 
 
Looking at the next decade's technology trends Artificial Intelligence, AI, and Machine Learning, 
ML, are identified as emerging technologies which will drive digital business for the coming 10 
years (Gartner 2017). The reason AI and ML are seen as technology disruptors are due to other 
present events such as advanced algorithms, massive data sets which can be used to feed the 
algorithms and parallel processing power. AI and ML include capabilities such as, artificial neural 
networks, deep learning and natural-language processing, which can lead to more advanced 
systems that understand, learn, predict, adapt and potentially operate on their own. Learning 
systems will make it easier for enterprises to more effectively use data to solve problems. 
Ultimately, learning systems can enable an enterprise to not only solve problems but to use it as a 
tool to build new products or services (Gartner 2017). 

Wise Inc. is a multi-national organization and one of the leading brands in the consumer goods 
industry. To achieve the 2020 strategic business plan, Wise Inc. has put Digital as a strategic focus. 
Within the organization, it still remains unclear what "digital first" means. Since there is no clear 
direction it is up to every function within the organization to identify what digital first means in 
their environment and how they can help the organization achieve their 2020 strategic business 
plan. The topic of machine learning and artificial intelligence has therefore been starting to appear 
within the organization's analytics teams.  
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Based on this background information, it is evident that a case study on the knowledge base of 
machine learning is relevant. Collective knowledge within an organization is seen as one of the 
most vital resources for competitive advantage (Drucker 1995). This study will look at the 
knowledge base across data analytics teams which exists within a specific organization. The case 
company under observation will in this study be referred to as Wise Inc., to limit the exposure of 
the organization.  

1.2 Purpose  

The purpose of this thesis is to support the matrix organization Wise Inc. to explore and identify 
the current knowledge base of Machine Learning across data analytics teams. 

1.3 Target Group 

The target group of this research are matrix organizations which are focusing on digital analytics 
to transform their business. More specifically, this research may interest people who work in a data 
analytics team within a matrix organization, or consumer goods organization, who aim to drive 
product-, and service innovation through new technologies. 
For any larger organization it is valuable to understand how a knowledge base can be identified, 
and how knowledge might differ across teams with a similar purpose. 
 
Secondarily this research is targeting other informatics graduates, which have an interest in the 
field of machine learning, data analytics or knowledge management in larger organizations.  

1.4 Limitations 

Machine Learning is a very broad field which has been around for a long time. During recent years 
the field has had many new advancements in its technological capabilities and application areas, 
which makes the research topic endless (Jordan & Mitchell 2015). The focus of this study is to 
describe the machine learning approaches which are relevant today for a broad field of application 
areas, and the approaches which are expected to remain relevant in the near future. To limit the 
study, this research will not focus on the in-depth description of machine learning algorithms and 
feature engineering, since this is considered excessive information to answer the research questions 
at this stage. Instead, this research will describe the taxonomy of machine learning and the main 
learning approaches which is the umbrella for all algorithms. 

1.5 Methodology 

Choosing the right research method requires reflection of the overall research design to make sure 
the method will fit its intended purpose. Robson (2014) and Dubé & Paré (2003) both draws 
attention to the importance of stating a clear research question since the research question is the 
foundation for deciding the choice of method. What the research aims to find out should guide 
the selection of the method. According to Miles & Huberman (1994), a case is defined as "a 
phenomenon of some sort occurring in a bounded context. The case is, in effect, your unit of 
analysis" (Miles & Huberman 1994, p.25). 
 
To simplify the study, Robson (2014) argues to make one data collection method central in small-
scale research projects. On the other hand, there is an advantage to using several methods in order 
to get different perspectives on the research questions. A suitable approach of this would be to 
dedicate a small portion of time to a secondary data collection method to enrich the data analysis.  



 3 

In addition, Robson (2014) also express a disadvantage of mixing methods in small-scale projects, 
since a lone researcher is normally restricted by the range of skills required for mixing methods 
while still obtaining a high level of reliability and validity. With this in mind, case studies can be 
adapted accordingly to the researcher's resources, where skills and time availability will play an 
important factor. The underlying argument from Robson (2014) is that a novice researcher might 
be best to choose one method to collect data, to minimize the risk of endangering the credibility 
of the research. 

1.5.1 Flexible case studies:  

In this research, a case study method has been applied. The case study method is commonly used 
in flexible design research, where the researcher focuses on one or a few cases within a specific 
context (Robson 2014). In flexible design, the data collection starts early, with the purpose to 
identify if the research questions need to be adapted. Early findings allow the researcher to analyse 
if the data collection method captures the result as intended. In addition to early findings, a flexible 
case study design gives researchers the opportunity to observe complexities, relationships, and 
processes related to the specific cases. To make these observations, the data normally needs to be 
qualitative data in form of words, rather than numbers. Qualitative data contribute to an in-depth 
analysis which allows for flexibility in the applied research field (Robson 2014). 
 
Within the case study method, different approaches can be chosen and applied. Yin (2003), stresses 
that once determined to carry out a case study, the researcher must decide on which type of case 
study to conduct. If the purpose is to describe a case, explore a case or do a comparison between 
cases, a different approach should be applied. According to Yin (2003), the approaches can be 
categorized as explanatory, exploratory or descriptive. In this study, an exploratory approach has 
been applied since too less is known about the case being evaluated (Yin 2003). 
 
This case study has focused on one case, but across several units. Yin (2003) describes this as a 
single case study with embedded units. In other words, the researcher explores a single case but with 
the possibility to look at the many sub-units which are part of the larger case. In this study the 
embedded units are the many cross-functional units within the matrix organization. Not only can 
data be analysed within the individual subunits, but also between the different subunits or across 
all of the subunits. Yin (2003) argues that this type of study provides a powerful observation, but 
also emphasize that novice researchers normally miss the analysis across units and only analyse 
individual sub-unit level. Without analysis across sub-units, the intended purpose of a case study 
with embedded units can be jeopardized. 

1.5.2 Selection of units:  

The organization, Wise Inc., under observation is built on a matrix structure which is an 
organizational structure built on cross-functional teams overlaid in vertical and horizontal 
hierarchical functions. Vertical functions are usually operative and horizontal functions are 
consisting of projects, products and business areas (Ford & Randolph 1992). In the field of data 
analytics within Wise Inc., teams are spread across functions on a horizontal global level but also 
vertical market level1. On a global level, they plan and create and on a market level they input and 
execute. Amongst global functions analytics teams are spread cross-functionally within functions 
such as IT, Finance and Commerce and differentiate in the type of analytics and purpose1. In this 
study data analytics teams were identified as the most relevant units for analysis, since the area of 
Machine Learning is closely connected to the field of data analytics (David & Schwartz 2014). 

                                                 
1 Senior Data Scientist, Interview the 23rd of November 2017. 
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Units, which is this study are referred to as teams, who participated in this study were selected 
based on the criteria of the team's role, purpose, and position within the organization. Due to 
limited resources, not all teams working with data analytics in the organisation has been included 
since they are spread across locations. However, to give a holistic view of the topic, teams based 
in the same location were chosen with diversity to reflect more than one functions understanding 
of the topic. As the teams on a global level plan and create new initiatives, these teams were of 
main interest for this exploratory case study.  To carry out this research, analytics teams from three 
global functions was invited to participate, IT, Finance and Commerce. The amount of three 
functions were considered enough to reflect the diversity amongst teams, and the knowledge 
existing across teams. To properly analyse the topic, all employees regardless of their position or 
hierarchy has been included. Therefore analysts, function leaders, and strategists have been 
included in this research. 

1.5.3 Interview: 

A single expert interview was performed early on to inform which questions were relevant for the 
study. Additionally, the interview was used to validate the questions which were intended to be 
included in the questionnaire. The selected interviewee was a member of the Advanced Analytics 
team, which is a team also included in the questionnaire. The interview was performed in person 
as a semi-structured interview to collect rich answers. Questions used in the interview was based 
on a literature review on machine learning and data analytics. Besides the purpose of identifying 
important topics, the interview was considered as a result of this study and has to a small extent 
been included in the data analysis to complement the questionnaire result.  

1.5.4 The pilot test of questions: 

Based on the early interview findings, the interview was used to inform the finalization of 
questionnaire questions. Before including the questions in the questionnaire, the questions were 
piloted by one peer and one business professional. The pilot gave insights to how the questions 
were perceived and interpreted which allowed for minor adjustments before finalizing the 
questionnaire questions. In the pilot, the length of questions and formulations were analysed to 
see if they were appropriate for this case. The pilot resulted in a simplification of the questionnaire, 
while still achieving the intended result. A few answer options were adapted to be more relatable 
to the question asked. 

1.5.5 Questionnaires:   

Case studies are usually carried out with a mixed-method data collection approach (Robson 2014). 
Due to the resources available, this research has been carried out through a qualitative 
questionnaire as main data collection approach, with a small portion dedicated to qualitative expert 
interview. 
 
Dul & Hak (2008) argue that the case study methodology does not imply which specific data 
collection or measurement techniques should be used. In other words, either interviews and 
questionnaires can be used as measurement method in a case study, since the measurement 
principles and quality criteria’s, reliability and validity, apply to both approaches.  
 
Robson (2014) draws attention to  the fact that questionnaires are the most common methodology 
for collecting data, and is seen as a method with credible result which is also accepted by others. 
The methodology allows the researcher to collect a large amount of data which can be used for 
statistical analysis and other scientific techniques. With large amounts of data, there is also a 
concern of how reliable the data is. A disadvantage with questionnaires is that the data might be 
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incomplete which will make is un-usable for analysis. Robson (2014) underlines the difficulty of 
depth when using questionnaires, but there are ways within the questionnaire methodology which 
will return a richer answer, such as using open questions. 
 
To analyse the purpose of this research a questionnaire has been constructed using questions with 
a mixed structure. Open-ended questions were used to capture rich answers and allow for an in-
depth analysis, and multiple-choice questions were used to capture quantifiable data which allows 
for statistical comparison across the units of analysis. Patton (2001) states the strength of mixing 
both qualitative and quantitative methods to achieve what is called triangulation. Triangulation is 
a strategy to improve the validity and reliability in research, by collecting data from different 
perspectives. 

1.5.6 Treatment of questionnaire data: 

To analyse the result, raw data was grouped together by team. The raw data indicated an 
inconsistency in describing which team the participants belong to, so categorization was made 
based on similarities of the team name. To perform the analysis described in the conceptual 
framework in Figure 1, the questionnaire questions were clustered to represent the areas of Usage, 
Experience, Theoretical knowledge and Practical knowledge. Usage and Experience, together form 
the value of Overall experience. Theoretical knowledge and practical knowledge, together form 
the value of Overall knowledge. Question 4, Are you currently using, or have you been using, Machine 
Learning, has been used to represent the level of usage. Question 5, which of these statements describe 
your experience in Machine Learning, has been used to represent the level of experience. Since this was 
a multiple answer question, the highest level of experience which was selected by the participant 
was used. Question 6, In your own words, how does machine learning relate to Artificial Intelligence, has been 
used to represent theoretical knowledge. As Russell & Norvig (1995) argues, Machine learning is 
often miss-interpreted as Artificial Intelligence but is, in essence, a subfield in the wider concept 
of AI. Due to this misconception, it was considered relevant to use this question to test theoretical 
knowledge of the topic. To represent Practical knowledge, a combination of question 7-9 has been 
used. These questions include: do you see any specific problem which could be solved using machine learning 
and please describe this problem and which approach would you use to solve this problem. Based on the early 
findings from the expert interview, this question was rephrased to ask about a specific problem 
rather than a use case. In the context of machine learning, there is a strong focus on having a clear 
problem statement in order to approach the problem correctly1. To evaluate practical knowledge, 
the participants were asked to describe a problem and to select which machine learning approach 
they would use to solve this problem. Machine learning algorithms can be categorized into a few 
main types of learning approaches supervised-, unsupervised- and reinforcement learning and 
based on the learning problem the different approaches should be used (Jordan & Mitchell 2015).  
 
Method for rating & weighing data 
To translate the answers into quantifiable numeric values, a rating and weighing system was created 
and used for this thesis. The rating and weighing system is presented in table 1 below. 
To accurately rate the answers, reference answers were used to classify the different possible 
ratings.  For each rating, low, medium, high, reference answers were used to select which rating a 
participant’s answer would be given. The rating was then translated into a numeric value using the 
weighing system. This method was used throughout the collected data and on the following page 
an example of the result is explained in table 2. 
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Rating & weighing system used to interpret result 

Examples of answers used for rating in each analysis area Rating Weighing 
score 

Usage 
  

Both at work & home High 3 

Either at work or outside of work (hobby) Medium 2 

Not using it Low 1 

  
  

Experience 
  

Able to successfully program and implement my own Machine 
learning software  

High 3 

Collaborating with external/internal Machine learning experts in 
my current projects 

Medium 2 

Using Machine learning algorithms which are embedded in 
analytics tool 

Medium 2 

Participated in machine learning trainings,  Low 1 

No experience Low 1 

  
  

Theoretical knowledge 
  

AI is usually based on ML algorithms, like deep learning for image 
and speech recognition. However, AI is not ML as many claims. AI 
is the user interface that allows machine and humans to interact.  

High 3 

AI is the umbrella term. Machine Learning is part of AI. Medium 2 

Machine Learning is a part of AI. Low 1 

   

Practical knowledge    

Connect approach to a problem High 3 

Approach would work, but not the best Medium 2 

Couldn’t connect approach to problem  Low 1 

Did not specify a problem N/A  

Table 1: Rating & weighing system 

 
Example of result table - segmented per team 

Areas Participant 
1 

Participant 
2 

Weighing 
score 

Usage medium Medium 2.0 

Experience medium high  2.5 

Overall experience   2.25 

Theoretical knowledge high High 3.0 

Practical knowledge  high high  3.0 

Overall knowledge   3 

Table 2: Example of result table 
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An example of how a team’s result can look like is presented in table 2 above. On the left-hand 
side, the four areas under analysis are listed. Depending on how many members from one team 
participated in the Questionnaire, these will be presented as participant 1, 2, 3 etc. For each area 
the rating of the result is presented, which gives an overview of all participants belonging to the 
same team. Rating will be used for analysis within the team. On the right-hand side of the table, 
the weighing score per area is presented. The weighing score is the teams average rating for each 
area. Weighing scores will be used for analysis within the team, but most importantly across teams. 
The values of overall experience and overall knowledge represent the average of the respective areas 
weighing score which will be used for analysis across teams. 

1.5.7 Reliability and validity:  

Reliability in research is described as the ability reach a stable data collection method which returns 
a consistent result, independent of the occasion when the data was collected. Robson (2014) argues 
that high reliability is achieved if data is collected using the same methodology with exactly the 
same condition and returns similar results. It is important to mention, that identical results are 
difficult to achieve and that non-identical results are not an indication of low reliability. In 
quantitative methods, such as questionnaires, a certain degree of reliability should be reached since 
these methods are structured to return results with high similarity and repeating patterns in data. 
In qualitative methods, it can be more difficult to achieve high reliability since these methods 
usually have a wider variety of questions and are collected during different conditions (Robson 
2014). 
 
Validity indicates if the research really measures what it is supposed to measure in its intended way. 
Research can return results on the research questions, but if the questions are wrong in the first 
place, the research is measuring the wrong thing and is therefore not validated (Robson 2014). 
Even though the ability to generalize findings to wider groups and circumstances is one of the 
most common tests of validity for quantitative research, Patton (2001) states generalizability as one 
of the criteria for quality in case study. This is depending on the case selected and studied. In this 
sense, the validity of quantitative research is very specific to the test to which it is applied. 
 
Patton (2001) states that validity and reliability are two factors which any qualitative researcher 
should be concerned about while designing a study, analysing results and judging the quality of the 
study. 

1.5.8 Sources 

In this research´s literature review, sources of different age have been used to holistically cover the 
research topic. The field of the study is old but has many recent advancements, which have led to 
the necessity of using new research. A few older sources have been used, when the information is 
still valid today. Many fundamental principles on the topic were found early which are still heavily 
used to define the topic today. However, being an exploratory study in a field with continuous 
advancements, new research is crucial to explore the potential of new advancements in the field. 
New research on the field has been gathered from peer-reviewed papers, to ensure a certain level 
of validity.  Un-validated sources of information have been kept to a minimum. 
 
The information in this study is mainly based on peer-reviewed articles, books and with the 
exception of some non-scientific articles. 
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1.5.9 Ethical considerations:  

As described by the Swedish research council, SRC (2017), ethics in scientific research relates to 
the application of fundamental ethical principles and plays a very important role in research when 
it comes to quality and implementation. Independent of the research domain, scientific research 
always has the likelihood to raise ethical issues. Ethics is not intended to put boundaries on 
research and define what is possible or not. Ethics should rather be seen as guiding principles to 
perform research with good quality and is morally acceptable (Swedish research council 2017). 
 
The Swedish Research Council (2017) has defined ethical principles to guide research with the 
purpose of providing standards for the relationship between researcher and participant. In case of 
conflict, there are ethical principles in place which can balance the situation. These principles can 
be summarised by the following general rules: you shall tell the truth about your research, 
consciously review and report the basic premises of your studies, openly account for your methods 
and results, openly account for your commercial interests and other associations, not make 
unauthorized use of the research results of others, keep your research organized for example 
through documentation and filing, strive to conduct your research without doing harm to people, 
animals or the environment and be fair in your judgement of others’ research. 
(Swedish research council 2017). 
 
Research ethics put a lot of emphasis on how participants in the research should be treated, no 
matter which way they participate. According to the SRC (2017), research ethics is a matter which 
is usually considered by researchers, but not reasoned about enough. To reason about ethical 
questions during the construct of research is an indication of responsibility towards the research 
and the research participants. This can be further defined as professional ethics (Swedish research 
council 2017). 
    
Undertaking this research, ethical considerations regarding participants information have been 
reasoned with and treated carefully. Leading up to the data collection phase, ethical considerations 
played an important role while constructing the questionnaire and interview. According to the 
European Commission (2013) privacy issues arise in research whenever personal data is collected 
and stored in any form. In research it remains a challenge to collect, use and share data but still 
keep all personal information protected to guarantee personal privacy (European Commission 
2013). In this study, collection of personal information such as gender and age have been excluded 
since it was no clear indication at the beginning of the study how personal information would 
increase the quality of the study. Every participant´s private information has therefore been left 
out and is not represented in the results. At hindsight, it might have been valuable to include, to 
analyse further nuances in the data sample. To manage the relationships in this study, employees 
belonging to a selected team, were encouraged to participate in the questionnaire but not obliged 
to. The purpose and outcome of the questionnaire was properly communicated to participants and 
stakeholders when the questionnaire was distributed to the teams. In regard to rightful ethics of 
the case organization, the organization's name and other private information will remain 
confidential in this thesis. This research will neither give an in-depth description of their on-going 
activities. 
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2 Literature review 

2.1 Knowledge base 

Bierly & Chakrabarti (1996) argue that knowledge can be divided into two main dimensions; 
knowledge breadth and knowledge depth. Combined together the two dimensions forms a 
knowledge base. Within the variable of knowledge, there are two main elements to be evaluated. 
The first element is to identify the breadth of knowledge. Bierly & Chakrabarti (1996) characterize 
knowledge breadth as knowledge which is diverse and not limited by a specific domain. Kale & 
Singh (2007) and Tsai (2001), argue that a firm with a broad knowledge has collected knowledge 
about existing technologies and markets by continuously exploring new domains. The second 
element in a knowledge base is to identify the depth of knowledge. Bierly & Chakrabarti (1996) 
mentions level of complexity of knowledge in specific fields as characteristics for knowledge depth.  
 
Zhou & Li (2012) draws attention to how research on knowledge bases has evolved. Early 
knowledge base studies mainly focused on how an organization’s knowledge base affect innovation 
in a general manner. More recent research suggest that an organization’s knowledge base does not 
only affect general innovation, but in fact is an organizations most unique resource for radical 
innovation.  As radical innovation creates new opportunities and reshapes the competitive 
environment, the knowledge base view has recently gained prominence as being an identified 
driver for radical innovation (Zhou & Li 2012). 
 
According to Drucker (1995), knowledge is the most vital and profitable resource to achieving 
competitive advantage. Knowledge management develops a firm’s competitive advantage as well 
as promote a high innovative performance culture. For an organization to remain their competitive 
advantage in their business environment it depends on the organizations ability to consistently 
expand its capabilities in terms of products and services (Nielsen 2006).  The subject of knowledge 
management does not have one definition, since it has been investigated by various disciplines. 
Knowledge management is a wide concept and can include anything in the process of collecting 
knowledge, distributing knowledge or using knowledge as a resource (Davenport et al. 1998). 

Lubit (2001) stresses a knowledge paradox which organizations must overcome to develop core 
competencies based on the knowledge they obtain. To make competitive advantage sustainable 
knowledge must be spread across the organization. Knowledge which is retained by only a few 
people rather than spread in the organization, will have impact on the organizations ability to create 
new value.  

Once an organization retains a certain knowledge base across various domains, (Zahra & George 
2002) suggest that organizations need to “shake” their knowledge in order to get new perspectives. 
New perspectives help form new patterns, which otherwise can be lost. An example activity to 
“shake” knowledge is knowledge sharing. Through this activity the broad knowledge existing 
within the organization can be connected and integrated across various field.  The more knowledge 
is shared across disparate fields, it can lead to unforeseen and unusual patterns which generate new 
ideas for radical innovation (Zahra & George, 2002). This also ties back to Zhou & Li (2012) 
argument that a knowledge base represents the organizations most unique resource for radical 
innovation development. 
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2.2 Machine Learning & Artificial intelligence 

According to Russell & Norvig (1995) the concept of Machine learning is by people commonly 
miss-interpreted as Artificial Intelligence, AI. Within the broad field of computer science, AI is 
one of the newest and oldest of disciplines. For over 2000 years, scientists have tried to understand 
intelligence and how seeing, learning, remembering, and reasoning could, or should be done. 
Humankind has given itself the scientific name homo sapiens which are the Latin words for “man 
the wise”, due to fact that our mental capabilities are so important for our everyday lives and 
personal sense of self. The broader field of AI attempts to understand intelligent entities and 
simulate human intelligence in a machine. These strives concerning intelligence can also be found 
in philosophy and psychology, but in computer science the discipline of AI strives to build 
intelligent entities as well as understand them (Russell & Norvig 1995). To differentiate the two 
concepts, Domingos (2017) describes machine learning as a subfield to the broader concept of AI 
and as a component to build intelligent machines. In contrast to AI, machine learning does not 
aim to automate intelligent behaviour and simulate human behaviour, but rather use the stronger 
abilities found in computers to complement human intelligence (Domingos 2017). David & 
Schwartz (2014) draw attention to two types of tasks which are challenging to define and program 
into a machine. These two tasks are: tasks naturally performed by animals/humans and tasks 
beyond human capabilities. Tasks performed by humans refers to the numerous tasks that humans 
perform on an everyday basis without paying attention to it. Therefore, it is seen difficult to define 
this in a computer program. Driving, recognizing speech and understanding images are examples 
of these tasks. David & Schwartz (2014) stress that in these routine tasks mentioned above, a 
machine learning program can perform quite satisfying results by learning from experience. In 
tasks beyond human capabilities, David & Schwartz (2014) refer to tasks relating to analysis of 
very large and complex data sets, such as the data used in search engines. These tasks can be 
considered challenging for humans to perform in the same speed and accuracy as if performed by 
a machine. This is why machine learning appear interesting for this sort of tasks. 
 
Goodfellow et al. (2016) write that in the early days of AI, machines could solve problems 
described by a list of mathematical rules, which were relatively straight-forward for computers but 
intellectually demanding for humans. Between a machine and humans, a problem considered as 
demanding can be very different. Problems which are abstract and formal can be considered as 
easy for an AI but demanding for a human. Only recently have computers started to match some 
of the human abilities when it comes to everyday life tasks, such as speech recognition, which are 
difficult to define with formal rules. For a human, a task such as recognizing speech is considered 
easy. This is why humans are perceived as exceptional in the way we are able to gather and interpret 
subjective and intuitive knowledge about the world (Goodfellow et al. 2016).  
 
Along similar lines Alpaydin (2016) argues that humans are unique in the way we deal with change. 
Our large brain with its surrounding mechanisms are equipped to deal with change, and therefore 
enables us to learn and generate knowledge of how to best solve a task. The brain is powerful in 
the way it can store knowledge about every single experience, so when a person is put in a similar 
situation again the brain has stored knowledge which can be applied for that new situation 
(Alpaydin 2016).  
 
Goodfellow et al. (2016), write that most research on AI draw similar conclusions. Today and in 
the future, the ability to adapt and learn from the environment will remain to be the true challenge 
of artificial intelligence. By learning from experience and understanding the world in a hierarchy 
of concept instead of formal rules, would enable computers to learn complicated and subjective 
concepts by building them out of simpler concepts (Goodfellow et al. 2016).  
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Today, the field of machine learning has grown very strong, and is by some people, such as 
Domingos (2017) argued to be an equal technology to artificial intelligence. Learning on its own 
is seen as a basic premise of intelligence. When speaking about human intelligence it would be 
difficult to achieve a machine with similar intelligence without the ability to learn and adapt to its 
environment based on previous experience. Machine learning can therefore be seen as a 
prerequisite to achieve intelligent machines, since machine learning addresses the question of how 
to build a system which learns and improves by itself through experience (Jordan & Mitchell 2015). 
This question about learning is why research in the field of neuroscience and cognition plays a 
fundamental role in the evolution of intelligent machines. (Alpaydin 2016). 

2.2.1 Machine learning taxonomy 

Today, machine learning is one of the most rapidly growing fields in technology, lying at the 
intersection between computer science and statistics, and at the core of artificial Intelligence 
(Jordan & Mitchell 2015). 
 
Machine learning can be defined as: 
 
“A computer program is said to learn from experience E with respect to some class of tasks T and 
performance measure P if its performance at tasks in T, as measured by P, improves with 
experience E”. (Mitchell 1997, p.2) 
 
This definition is broad enough to cover most of machine learning tasks, which are normally 
referred as learning problems. Mitchell (1997) states that a learning problem usually includes three 
components: a task, a performance measure and a training experience. As a general concept, 
machine learning can be explained as algorithms which search through a large space of candidate 
programs, using training to learn from experience, which acts as guidance to find a program that 
optimizes the performance metric (Mitchell 1997). 
 
Learning is the process of generating new skills or knowledge through experience. Taking the 
example of intelligent beings, humans or animals, any skill we develop is the result of learning from 
experience (David & Schwartz 2014). As described by Mitchell (1997), this aspect of learning is 
applied to the concept of machine learning. By inputting training data into a machine learning 
algorithm this will generate new experiences which later can be converted to an output. In this 
case, the output is some sort of expertise or knowledge generated from the data. Machine learning 
algorithms are concerned with providing programs which have the ability to learn and adapt to its 
environment, similar to how Alpaydin (2016) explains humans work. The output of a learning 
algorithm usually takes shape as another computer program which then can perform some task 
(David & Schwartz 2014). 
 
Machine learning algorithms are organized into different approaches of learning, which are based 
on the desired outcome of the algorithm. A desired outcome can be useful insights, predictions, 
clustering etc. (Jordan & Mitchell 2015). The most common learning approaches include: 
supervised learning, un-supervised learning and reinforcement learning which are umbrella terms 
for the different learning algorithm types (Ayodele 2010). Learning in the context of machine 
learning does not necessarily involve consciousness, but rather finding statistical regularities or 
patterns in the given data (Ayodele 2010). According to (Zhou et al. 2017), machine learning can 
be characterized in several dimensions: timing of data availability, the target of learning, and nature 
of learning feedback which is available to the system. Based on the availability of learning feedback, 
machine learning is categorized into the three main learning approaches described above (Russel 
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& Norvig 2010). In line with this, (Zhou et al. 2017), propose a multi-dimensional taxonomy which 
describes the different aspects of machine learning.   
 
Timing of Data Availability:  
Machine learning can be classified into batch learning and online learning, based on the timing of 
making training data available. In batch learning, learning models are generated by learning on the 
entire data set, which differs from online learning where models are updated based on new data 
which is fed into the model (Dekel 2008). When it is computationally impossible to train on the 
entire dataset online learning can be used. Online learning can also be used if the data is being 
generated over time, such as in real time analytics, since the learning system then needs to adapt 
to new patterns appearing in the data which is fed into the system (Dekel 2008). 
 
Target of learning: 
Target of learning refers to whether the target of learning is a specific task which use input data or 
the data themselves. Based on the target of learning, machine learning can be categorized into the 
two categories of representation- and task learning. With representational learning the target is to learn 
new representations of data, to enable the possibility of extracting useful information when 
creating classifiers or other predictors (Bengio et al. 2013). According to Bengio et al. (2013), a 
good representation of data can later be used as input to a supervised system, for learning tasks 
such as predictions. In task learning, desired outputs are already known, and the target of learning 
can be further categorized into classification, regression, and clustering.  In classification tasks, 
machine learning techniques generate a model which assigns new inputs to one or more pre-
defined classes. In comparison to classification, regression tasks outputs are continuous rather than 
separate values.  In clustering, the learning model produces groups of data which are not previously 
known, which is the distinguisher from a classification task.  These tasks can be categorized into 
different learning approaches with representative algorithms to support these learning tasks (Zhou 
et al. 2017).  

2.2.2 Learning approaches 

Machine learning includes a variety of algorithms which vary greatly by the way they represent 
candidate programs, such as decision trees, mathematical functions, and general programming 
languages. They partly also vary by the way they search through the space of candidate programs 
(Jordan & Mitchell 2015).  
 
Domingos (2017) describes a traditional algorithm as a sequence of precise instructions which tells 
a computer what to do. Every traditional algorithm therefore has a given input and given output.  
Data goes in to the computer, the sequence of instructions are executed, and the result comes out. 
Rigidity and inability to adapt are the key limiting factors of traditionally written programs. Once 
the algorithms are programmed, it will always remain the same and never change. Due to the nature 
of problems or tasks, tasks usually change over time which therefore demand programs that are 
not build on a sequence of precise algorithms. In machine learning, the traditional principle of 
algorithms is turned around.  A learning algorithm is an algorithm which have the ability to build 
other algorithms to support a complex task (Domingos 2017). The data, usually randomly 
generated (David & Schwartz 2014) and the desired result goes in, and an algorithm that turns the 
data into the result comes out (Domingos 2017).  
 
As a result of the complexity which exists across the different learning problems, a diverse variety 
of machine learning algorithms has been developed to covers most data and problem types 
exhibited (Jordan & Mitchell 2015). According to Jordan & Mitchell (2015) a key scientific and 
practical goal in machine learning is to theoretically characterize the different capabilities of main 
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learning algorithms. No matter what learning algorithm it is or the complexity of the given learning 
problem, the two key capabilities are: “How accurate can the learning algorithm get by learning 
from a particular data type and volume of training data?” and “How robust is the learning 
algorithm to manage modelling errors and biases, or errors in the training data?”. In other words, 
is it possible to design a successful algorithm given a specific learning problem and a given volume 
of training data? or does the complexity of the learning problem interfere? (Jordan & Mitchell 
2015).  
 
Russel and Norvig (2010) explain that machine learning can be divided into three main types of 
learning approaches based on the on the nature of the feedback available to a learning system: 
supervised learning, unsupervised learning, and reinforcement learning.  
 
Supervised learning refers to when a system is presented with examples of input-output pairs, and 
the target of learning is to learn a function that maps inputs to outputs. Un-supervised learning 
refers to when a system is not provided with feedback or any desired output of the function, and 
the target of learning is to uncover patterns which is existing in the input data. Russel and Norvig 
(2010) emphasize the similarity between un-supervised learning and reinforcement learning, as 
either of the learning functions are presented with input-output pairs. Reinforcement learning also 
has similarities to supervised learning, as both functions are given feedback on its previous 
experience. However, feedback in reinforcement learning is in the form of rewards or punishments 
associated with actions, which differs from supervised learning where feedback is given on desired 
output or correction of suboptimal actions (Russel and Norvig 2010). Both Russel & Norvig (2010) 
and Jordan & Mitchell (2015) mention semi-supervised learning in addition to the other three 
approaches. Semi-supervised learning a very recent learning approach and much less known and 
is a blend of supervised and unsupervised learning. The learning system in semi-supervised learning 
is presented with both a small number of input-output pairs and a large number of unlabelled data. 
The target of learning is similar to in supervised learning, but with the exception that it learns from 
both labelled and unlabelled data (Russell & Norvig 2010). In other words, described by Jordan & 
Mitchell (2015), the learning function makes use on unlabelled data to be able to augment labelled 
data in a supervised learning context (Jordan & Mitchell 2015). 

2.2.3 Supervised learning 

Supervised learning is argued to be the most known and widely used machine-learning approach. 
A supervised learning system generally generate a function which form predictions and does this 
via a learned mapping. F(x), which generate an output y for each input x (Jordan & Mitchell 2015). 
The most common formulation of these predictions is a classification problem. By looking at 
several input-output examples of the function, the function maps x with y (Ayodele 2010).  
According to Ayodele (2010) classification problems does not necessarily need to involve 
supervised learning, but it is very common since the goal is often to get the computer to learn a 
classification system that has been created. In general, supervised learning is appropriate for any 
problem where its useful to inference a classification and the classification is easy to determine 
(Ayodele 2010). Examples of machine learning systems using supervised learning classifiers are: 
spam classifiers of e-mail, face recognizers in images, and medical diagnosis systems for patients. 
All examples represent the function for approximation problem mentioned earlier, where the 
training data take the form of (x, y) pairs to generate a prediction y* in response to a query x* 
(Jordan & Mitchell 2015).  
 
To demonstrate the task of spam email classifier described above, to goal in this task is to program 
a machine which learn how to filter out spam emails. David & Schwartz (2014) suggest that this 
can be done in more than one way, some solutions might be naiver than others. Although naive 
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solutions can sometimes be useful it lacks the important aspect of learning, in this case the ability 
to label unseen e-mail messages. A naive solution would memories all previous emails which are 
labelled as spam by the user, and search amongst these emails when a new email arrives. If there 
is a match, the email goes to trash. A successful learning system will be able to progress from 
individual examples to broader generalization, which is commonly referred to inductive reasoning 
or inference. By scanning previously seen e-mails and extracting a set of words in the e-mail 
message which is indicative of spam, the system can achieve generalization in the task. Once a new 
email arrives, the system checks the message against the set of suspicious words and predicts a 
label accordingly (David & Schwartz 2014).  
 
In more recent years, a high-impact area of the progress in supervised learning involves deep 
networks, which are multilayer networks of threshold units where each layer computes some 
parameterized function of its inputs (Jordan & Mitchell 2015). 

2.2.4 Unsupervised learning 

Un-supervised learning is a learning approach which referrers to the analysis of unlabelled data 
and can be described as a learning system which is not provided with any desired output or 
feedback of the function. The target of learning is to uncover patterns which is existing in the 
input data, by making assumptions about the data´s structural properties, such as algebraic, 
combinatorial, or probabilistic (Jordan & Mitchell 2015). There is a structure to the input data and 
the goal is to find regularities in the data. One method for finding certain patterns is clustering. In 
clustering problems, the system tries to find clusters or groupings in the data, which in statistics is 
normally referred to as mixture models (Alpaydin 2016).  
 
Examples of machine learning systems using un-supervised learning clustering are: customer 
segmentation, speech recognition, reducing dimensionality of data, recommending systems by 
clustering customer transactions etc. (Alpaydin 2016). To demonstrate the task of customer 
segmentation, the input data might consist of several unlabelled attributes such as age, gender, zip 
code etc. The goal in this clustering task would be to group instances in terms of their similarities 
calculated based on their input representation. The input representation is a list of input attributes 
such as age, gender, zip code etc., and the similarities of these instances are measured by combining 
similarities in these attributes. The outcome of these similarities are new clusters, or in this case 
customer segmentations. The aim of clustering problems, or un-supervised learning problems in 
general is to find structure in the data. Un-supervised learning can be used to group and find labels 
of data, which then later on can be used in a classification system to predict new instances 
(Alpaydin 2016). Due to its ability to analyse un-structured data, which usually consists of a mix of 
text, images, audio and video makes it difficult to use for analysis (Lee 2017), un-supervised 
learning has therefore become an important research area. (Alpaydin 2016).   
 
Artificial neural networks & Deep neural networks  
Artificial neural networks, ANN, are computation models inspired by the human brain and the 
network structure of neurons. Neurons in the brain are connected to each other in a complex 
network where neurons communicate to each other. Through these networks the brain is able to 
carry out highly complex computations. Artificial neural networks are methods within machine 
learning which are modelled after this computation structure (David & Schwartz 2014). According 
to Jaesoo & Heejune (2009) ANN´s are usually described as networks, even it only is a 
mathematical function that computes an output based on a set of input variables. As written by 
Guoqiang et al. (1998) ANN´s are self-adapted learning methods which uses its data and a few 
prior assumptions about the selected model to solve the learning problem. A ANN can capture 
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subtle functional relationships in the data, even if these relationships are previously unknown or 
too difficult to define (Guoqiang et al. 1998).  
 
According to Mitchell (1997) ANN´s are among the most effective learning methods currently 
known and good for certain types of problems. These problems can be learning to interpret 
complex sensor data such as image and sound, in which the training data is noisy and unstructured. 
Alpaydin (2016) draws attention to that initially neural networks were used as a supervised learning 
approach, but due to the many recent advancements and the present event of large data sets has 
open up for ANN´s with deeper architectures. In deep neural networks, it is common with so 
called black-box learning, where the hidden layers in the network prevent users to understand how 
the network predicts and output. An input of raw data goes in, and an output comes out. The 
“black-box” is the invisible layer in between where the actual weighing of connections are 
happening (Alpaydin 2016). Alpaydin (2016) argues that the phenomenon of black-box learning is 
a reason why deep neural networks can be seen as an un-supervised approach (Alpaydin 2016) and 
can therefore be used across the different learning problems of classification, regression, clustering, 
and dimensionality reduction (Louridas & Ebert 2016).  In recent years deep neural networks have 
had major improvements in computer vision, pattern and speech recognition, and is performing 
better in these areas than any other learning approach (Jordan et al. 2015).   
 
Computer vision  
Different computer vision tasks have different level of complexity. Computer vision refers to 
visual pattern recognition and can include anything from recognizing digits, faces or images 
(Alpaydin 2016).  In image recognition, the input is basic pixels of an image. This pixel is the first 
input to the first layer of a neural network. The other layer in the network then combines different 
pixels to form some basic image orientations, such as strokes or edges. In later layers, the network 
combines these strokes and edges into corners, lines etc. The following layer learns to combine 
more complex shapes such as circles. This process is repeated in several hidden layers to represent 
the object we want to learn. It might be faces or object which an image contains of.  This is similar 
to how the human visual cortex operate. Though at first sight the data set might seem large and 
complex, it is generated by a process which is controlled by a number of variables, which to us are 
the hidden factors. If we can infer the hidden factors the data can be represented in a much simpler 
way and be easier to observe (Alpaydin 2016). When designing the connections between layers in 
a neural network, a small number of units are defined to represent an object, such as a window. 
Therefore, a unit is not depending on all pixels in its input layer, but only the pixels defined as 
dependent to the object. The system only tries to learn these connections of its inputs and its 
weights (Le Cun et al. 1989). 
 
Speech recognition 
In speech recognition, the input is acoustical signals, usually captured through microphones and 
the attributes are the words that can be identified (Alpaydin 2016). A learning program must learn 
to find the association between an acoustical signal and the word in a language. A word consists 
of a sequence of phonemes, which are basis of speech sounds. The sound of a word is composed 
of two factors, sounds related to the actual word and sounds related to the speaker. People may 
speak the same word, but the sound is different due to their age, accent or gender.  This factor, 
connected to the speaker is more complex for a program to learn and is the reason why sound 
synthesizers still can be recognizable as robots talking. Speech recognition follows the same 
layering process as image recognition, where each layer combine phonemes into sounds, sounds 
into words, words into sentences etc.  (Alpaydin 2016).  
 
Natural language processing (semantics and syntactic of language) 
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Decades of research on computational linguistics have proved that the best way for a system to 
learn a language is through a large corpus of example data. Alpaydin (2016) explain that a text 
consists of a sequence of characters, which are defined by an alphabet. The human language is 
very complex since it includes lexical, syntactic and semantic rules on different levels, which are 
also depending on subtleties such as humour and sarcasm on a lower level. This makes it extremely 
difficult to interpret a word, since the word has different meaning depending on the sentence or 
social sub-rules. Natural Language Processing, NLP, is a field which is growing constantly. In its 
simplest form, it can be used as a spam-filter, to identify which emails are spam and not. Spam-
filters uses one of the most popular approach of text recognition which is called bag of words 
representation, where a large vocabulary of words is predefined and then a document is 
represented using the list of the words which appear in the document. The vocabulary of words is 
then compared with the words in the document, defining which words that match and which 
words that do not. Since this method lose the placement of the word, we can only recognize the 
words used in a document but not interpret what is means.  
Through the trend of social media, natural language analytics has become one of the most 
important application areas of machine learning. Machine learning is used to analyse blog posts or 
other social network posts to identify trending topics amongst a demographic or target group. 
Trending topics analysis combines the two tasks: identifying combinations of words and mood 
recognition. Mood recognition can be important for a company to interpret is a customer is happy 
about a product. For this interpretation, a mood vocabulary is defined to help determine if a 
customer is happy or not (Alpaydin 2016).  

2.2.5 Reinforcement learning 

Reinforcement learning is the third main learning approach and is a learning approach which refers 
to self-directed agents which senses and acts in its environment. The learning task of a 
reinforcement learning system is how the system can learn to choose an action which is best to 
achieve its goals (Mitchell 1997). Each time the self-directed agent performs an action in its 
environment, a trainer provides an indication to the system in the shape of a positive of negative 
reward to indicate the if the resulting state is correct. The action is then reinforced. Given the 
example of a game, the trainer might provide a positive reward when the game is won by the agent, 
and a negative reward when the agent loses the game. In all other states, the reward is zero. By 
evaluating the feedback, it improves the system’s ability to learn which sequences of actions 
produces the greatest collective reward (Mitchell 1997). This learning type if inspired by our 
understanding of decision making in humans, where the use of reward signals to the outcome of 
actions supervise us to learn. Reinforcement learning is good to support problems such as 
personalized Web experiences (Littman 2015), and recommendation systems (Zhou et al. 2017). 
Littman (2015) describes that a reinforcement learning system can help to create and deliver 
personalized content for users on a webpage. A bandit algorithm, which task is to decide on an 
action to maximize reward, can decide if the page should include a large image, small image, 
placement of text etc. Every time a user enters the webpage, the system chooses which layout to 
present. The bandit algorithms estimate and gets feedback on the action depending on how the 
user interacts with the resulting page. With this method, the learning system is able to define a 
strategy of how to act given an observation of the world. Every decision the system makes, has 
some impact on the environment, and the environment provides feedback back to the system that 
guides the learning algorithm (Ayodele 2010). Every time the system gets feedback it can use this 
information to inform future decisions (Littman 2015).  
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2.3 Data Analytics  

Machine learning has had many advancements in the recent years, which partly is due to the advent 
of the large amounts of data being generated. Learning algorithms are both challenged and 
enhanced by large amounts of data, since it enables algorithms to uncover more detailed patterns 
and therefore make more timely and accurate predictions than ever before (Zhou et al. 2017). 
Zhou et al. (2017) also emphasise that large amount of accessible data also causes major challenges 
to machine learning systems, in terms of model scalability and distributed computing. Along similar 
lines (Jordan et al. 2015) describe the challenge beyond the size of modern data sets, but rather the 
granular, personalized nature of the data which increase the need for machine learning algorithms 
with minimum privacy effects.  
 
Machine learning thrives on efficient learning techniques, which includes rich and large data sets 
to learn from. Since data is such an integral part in machine learning, the field of data analytics is 
therefore a high potential for machine learning (Zhou et al 2017). 

2.3.1 Data 

The challenge of data management can be described using the three dimensions volume, variety 
and velocity which are normally used in the context of big data (Gandomi & Haider 2015). New 
technology phenomenon’s such as social media, ecommerce, sensors and computing devices 
generate data faster than ever before and is a main reason why we are facing challenges in data 
management (Lee 2017). Volume refers to the amount of data which is stored or generated by any 
type of technology. Data volumes vary by factors such as time and what type of data it is. Variety 
refers to the different data types. Due to the technology phenomena such as social medias which 
were mentioned earlier, new types of data are being generated and causes great variety. Today there 
are three types of data to be considered; structured data, semi-structured data and unstructured 
data. Structured data is data which follows a standardized structure and is usually found in 
spreadsheets or relational databases with labels. Semi-structured data do not follow the 
standardization of relational databases, but still meets certain structural needs of applications. 
Extensible Mark-up Language (XML) which is a textual language for exchanging data on the Web, 
is an example of semi-structured data. Unstructured data do not follow any standardized structure 
and usually consists of a mix of text, images, audio and video which makes it difficult to use for 
analysis (Lee 2017). Velocity refers to the speed which data is being generated, processed and 
analysed. Up until this day, batch-processing data has been the most common way to perform 
analysis due to the slow and costly nature of data processing (Lee 2017). New computing devices, 
such as smartphones, are increasing the rate of data creation which is driving the need of real-time 
analytics (Gandomi & Haider 2015).  
 
Data by itself does not provide any value. Gandomi & Haider (2015) stress that the value in data 
is only revealed when analysed and leveraged to for decision making. Organizations therefore turn 
to data to enable evidence-based decision making. Due to the large amounts of data with great 
variety, organizations need to find efficient processes which turns the data into meaningful 
insights.  Analytics refers to techniques used to analyse and gain intelligence from data, but 
analytics is actually a sub- process to the overall goal of insight extraction which is used for decision 
making (Gandomi & Haider 2015). 

2.3.2 Analytics 

Delen & Demirkan (2013) describe analytics as facilitating the realization of an organizations 
business objectives.  Analytics involves everything from reporting, trend analysis, generating 
predictive models to forecast problems and opportunities and analysing different business 
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processes to drive organizational performance. Within the larger concept of data analytics there 
are different analysis categories. The three main categories are descriptive, predictive and 
prescriptive analytics. 
 
Descriptive  
Descriptive analytics is the most common type of analytics used by businesses (IBM, 2013) and is 
usually referred to as business reporting (Delen & Demirkan 2013). Descriptive analytics use data 
to answer questions such as “what happened” or “what is happening?” and includes periodic 
reporting, ad-hoc reporting and dynamic reporting. By analysing what happened, descriptive 
analytics form the basis of continuous monitoring in business processes, where new transactions 
are compared against the defined benchmarks (Appelbaum, et al. 2017). The main goal of 
descriptive analytics is to identify a business opportunities and problems, and this is done by 
generating insights based on “what happened” or “what is happening?” (Delen & Demirkan 2013). 
 
Predictive  
Predictive analytics is starting to become more popular and is a more advanced analytics type 
which predict future outcomes based on historical and current data (Gandomi & Haider 2015). 
This is done using data and different techniques such as predictive models, forecasts, statistical 
analysis, scoring (IBM 2013), and a variety of data mining techniques (Delen & Demirkan 2013). 
Predictive analytics answer the question of “what could happen” (IMB 20013) and aim to give an 
accurate estimate on future happenings and the reasoning behind why this could happen (Delen 
& Demirkan 2013). According to Gandomi & Haider (2015) predictive analytics can be applied to 
almost any field. An example of this would be to predict a customers’ next move based on what 
they buy, when they buy, and even what they say about their purchases on social media. All of this 
can be used to predict the customers next move. By using different techniques, it is possible to 
discover descriptive and predictive patterns in data such as trends, associations and regularities 
which represent the essential relationships between input data and outputs (Delen & Demirkan 
2013). Gandomi & Haider (2015) argue that machine learning techniques such as neural networks 
and regression algorithms is commonly used for predictive analytics. 
 
Prescriptive analytics 
Beyond the descriptive and predictive analytics results, prescriptive analytics answers the question 
of what should be done given the results (IBM 2013). The outcome of prescriptive analytics is 
either one or two recommended solutions to the result (Appelbaum, et al. 2017), or a rich set of 
information so a decision maker could decide on which action to take (Delen & Demirkan 2013). 
Even though predictive and prescriptive analytics appear similar, the analytics types have different 
orientation. Given a complex set of objectives, requirements, and constraints, prescriptive analytics 
techniques use data and mathematical algorithms to determine high-value courses of actions or 
decisions. All with the goal of improving business performance. What is characterizing about these 
algorithms is that they can rely on many types of information, such as a variety of data, expert 
knowledge, or a combination of both (Delen & Demirkan 2013). 

2.4 Conceptual framework:  

Miles & Huberman (1994) describe the rationale of a conceptual framework as finding the few 
constructs that together conclude the many elements under analysis. The conceptual framework 
should contain high-level categories of all events and behaviours included in the study. With this 
in mind, Miles & Huberman (1994) also argue that the conceptual framework categories are to be 
selected by the researcher based on the objectives of the study. Together the selected categories 
and the role they play, forms the conceptual framework. As a result of this selection process, the 
researcher identifies which variables are important, which variables have a relationship to each 
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other, and which information will be valuable to collect during the research. Importantly, the 
purpose of the conceptual framework is only to give a simplified view of the reality which support 
the analysis and should not be a detailed view of the reality (Fredriksson 2014b). 

 
 

Figure 1: Conceptual framework of a knowledge base across groups created for this research. 
Inspired by Mc Grath et al. (2000) The Study of Groups: Past, Present, and Future. 

The conceptual framework shown in Figure 1 includes the key variables identified to analyse the 
overall objective of this research. The framework focuses on both the individual variables; team, 
knowledge and problem, but also the relationship amongst them.  
 
The framework has one key objective, to analyse the current knowledge-base on machine learning 
across data analytics teams. This is mainly looking at the variable of knowledge in a theoretical and 
practical view but has in a relation to the team and experience level identified.  
 
Mc Grath et al. (2000) propose that analysis of groups can be divided into three types of elements.  

• the people who become members of a group,  

• the objectives that represent the projects of that group, and 

• the resources that represent the group's knowledge and skills.  
I this research framework, the high-level concept of analysing groups from Mc Grath et al. (2000)  
has been adapted to support the objective of the research. Team represent a group of people with 
a specific role and purpose, not looking at the individuals across teams but rather the team as a 
whole. Knowledge represent the resources in form of theoretical knowledge and practical skill the 
team possess.  
  
Mc Grath et al. (2000) research on groups, can be broken down into more granular pieces that 
affect the relations between the three main areas. Factors such as people’s motivations, previous 
experiences, goals etc. might have an effect on the correlation between an individual and the 
knowledge they have. In this research, these additional factors have been excluded since they 
require excessive resources that goes beyond this scope of study.  
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2.4.1 Team:  

Analysis questions:  
Within a team: What level of usage and experience exists within the team? 
Across teams: What level of usage and experience exists across teams? 
 
Due to the many sub-units of this exploratory case study, the individual teams play an important 
role on the overarching result. Each team has an individual role within the larger data analytics 
matrix organization and therefore has knowledge across various domains.  This makes it interesting 
to perform an analysis of the knowledge base within the team, but also across teams (Yin 2003).  
 
In line with the research of McGrath et al. (2000) the area team will be further broken down into 
machine learning usage and experience, to form more granular pieces which will be used to analyse 
the relation between team and knowledge.  
Within a team, the individual level of experiences in machine learning will be analysed to identify 
the overall experience which exists within a team. Members of a team might have different 
experiences which could affect the teams total level of experience. Across teams, the total levels 
of experience will be compared to each other, to analyse if there is a balance across teams or if 
there are specific teams with more experience in machine learning.  

2.4.2 Knowledge:  

Due to the nature of an exploratory case study where little is known about the phenomenon (Yin 
2003), the dimensions of breadth and depth Bierly and Chakrabarti (1996) argue to form a 
knowledge base have been translated into theoretical and practical knowledge. These two pieces 
form the granular pieces which will be used for analysis (McGrath et al. 2000).  
 
Analysis questions 
Within a team: What level of theoretical and practical knowledge exists within the team? 
Across teams: What is the overall knowledge across teams? Does certain team have a lot of 
knowledge and others very low knowledge?  
 
Within a team, individual level of both theoretical and practical knowledge will be analysed to 
identify the overall knowledge which exists within a team. Members of a team might have different 
levels of knowledge which could affect the team’s overall knowledge. Across teams, treating all 
teams as a whole instead of individual units, the total level of knowledge will be compared to 
identify which teams have a high level of both theoretical and practical knowledge. Additionally, 
teams will be examined to see whether there is a balance of knowledge across teams. 
 
Prabhu et al. (2005) argue that a company with broad knowledge often have retained know-how 
due to their extensive knowledge exploration across a variety of disciplines and market domains. 
Characteristics of the deep knowledge dimension refers to the level of sophistication and 
complexity of knowledge in specific fields (Prabhu et al. 2005). This conclusion can only be made 
by looking at the variety of knowledge across all units, but also if a pattern exists across teams 
which indicate an in-depth knowledge in a specific field. 

2.4.3 Team & knowledge: 

 Analysis question  
Within a team: Is there a correlation between experience and knowledge?  
Across teams: are teams in the high experience, high knowledge area or low experience, low 
knowledge area?  
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Within a team, the relation between machine learning experience and knowledge will be examined 
to identify if there is a correlation between a team’s level of experience and level of total knowledge. 
Furthermore, it will be examined if the knowledge is balanced across the members of a team or 
centralized to a few key individuals.  
 
Across teams, both experience and knowledge will be evaluated together to be able to identify 
what the current knowledge base looks like in the wider data analytics field. 
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3 Result 

Data 
The data which has been used for this analysis can be found in section 1-2 in the appendix. Section 
1 is a collection of tables, split by teams, and represent the data which was collected in the 
qualitative questionnaire. Section 2 represents a summary of the result of the expert interview.  
The data in section 1 will be used for the comparative analysis, looking at the experience and 
knowledge within teams, but also across teams. The data was collected in the same questionnaire 
and performed during the same calendar time within the case company.  
 
Since all data have been captured using the same questions, method and time-frame, this allows 
for an analysis where results can be compared in its intended way. 
In addition to the result shows in section 1, the result captured through an expert interview will be 
used to enrich the analysis. The data captured in the interview was collected at an earlier stage and 
does not follow the exact same structure in terms of questions. Similar questions were asked, but 
not in the same formal way as in the questionnaire. 

3.1 General result:  

As a first part of the result, a few general findings from the questionnaire will be presented. These 
results are based on general statistics on the collected data and do not follow the same weighing 
and rating system created for the main analysis.  
The questionnaire result consists of twenty-one responses from thirteen different analytics teams 
in Wise Inc..  These thirteen teams are spread across two of the three functions which were invited 
to participate. These two functions are IT and Commerce. In this part of the result chapter, results 
have not been segmented per team and is showing the overall response.  
 
Analysis types performed across teams 
The figure below shows an overview of the different types of analysis performed across the teams. 

 
Figure 2: Analytics types performed across teams 

According to the result, predictive analytics is the most common analysis type, followed by 
descriptive analytics. Interestingly, 52.4% of all teams perform more than one type of analysis. The 
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analysis type which is the least common across teams is prescriptive analytics, 9.5%. Across teams, 
there are similarities in the type of analysis they are performing, but still, show a certain spread. 
Due to inconsistency in responses, where some people mentioned the type of analysis and others 
described what they are analysing, e.g. text, it was not possible to cluster these responses in a 
correct manner with the type of analysis. These responses are represented as various in the table 
above. However, the term real-time analytics was used frequently enough to be clustered together. 
19% of teams perform real-time analytics. 
 
Data types used across teams 
The figure below shows an overview of the different data types used across teams.  
 

 
 

Figure 3: Data types used across teams 

Looking at the data types used across teams, the three data types: structured, unstructured and 
semi-structured all have an occurrence between 47-81% which is relatively high. Many of the 
participants mentioned several data types and this is why the rates in the figure above are very high 
for each individual data type. Interestingly, the usage of more than one data type is 71.4%, and all 
data types have a rate of 33% of all participants. This indicates that most teams use different data 
types combined together to perform their analysis. Amongst the result, there is an outlier of 4.8% 
which represent that no data types are used. This number is not shown and represents one 
participant which belongs to an analytic function but is not performing any type of analysis. 
 
Usage of machine learning  
In the figure below the usage of machine learning across teams is shown. 
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Figure 4: Usage of machine learning 

Across team’s machine learning seems to be used to a certain extent, both at work and outside of 
work. The reason for including the answer outside of work in the questionnaire is because the 
research´s objective is to identify the current knowledge base of machine learning, which is not 
implicitly connected to usage in their work. To get a full understanding of how many are using 
machine learning, the participants using it outside of work are just as important as usage in their 
work. Interestingly, 18.18% of the participants say they use machine learning outside of work.  
Of the 31.8% of participants who use machine learning at work, 4.6% use machine learning both 
at work and at home. Similarly, out of the 18.2% who use machine learning outside of work, 13.6% 
are solely using it at home. This is excluding the 4.6% of participants who use it both at work and 
at home. Interestingly, the total rate of people using machine learning is higher than not using it at 
all. 50% of all participants across teams are currently using machine learning, compare to the 45.5% 
which are not using it.  
 
Level of experience in machine learning 
In the figure below, the level of experience across teams are shown.   

 
Figure 5: Level of experience in machine learning 
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According to the result, there is widespread of experience amongst the teams. Important to 
mention is that this question was a multiple answer question where some participants, but not all, 
selected several statements. A conclusion could be made, saying that people who selected the 
highest level of expertise also could have selected some of the other statements such as participated 
in machine learning trainings. For the analysis, the highest level of experience stated was used. Most 
prominent is the experience of having participated in machine learning trainings and represent 
28.6% of all participants. Amongst the participants 17.9% states they are able to successfully program 
and implement their own Machine learning software, which indicate a high-level expertise in machine 
learning. This statement is formed based on the early interview findings, where the interviewee 
expresses the ability to build and implement a system as a key skill which separates experience 
levels1. Only 17.9% of all participants state that they have no experience which is a relatively low 
rate.  
 
Machine learning in relation to Artificial intelligence 
Amongst the data, there is widespread of explanations used across participants when it comes to 
the understanding of machine learning in relation to artificial intelligence.  To compile the result, 
the answers have been clustered into three main categories: people who didn’t know/were wrong, 
people which are not sure, and people who could clearly describe the two technologies in relation 
to each other. The category “not sure” include answers which were too vague to interpret in a 
correct manner. 
 

 
Figure 6: Machine learning in relation to Artificial intelligence 

The above diagram is an overview of the three categories. Interestingly, the rate of knowing the 
relation between machine learning and AI is significantly higher than the other two categories, 
specifically in comparison to the people who didn’t know. 61.9%, which represent 13 participants, 
gave an accurate description of the two concepts. 23.8% of the participants gave an explanation 
which was difficult to interpret, mainly due to the short and imprecise descriptions. This group of 
participants might contain people with good knowledge but due to several reasons, this might not 
have come across in the data. Only three participants, which represent 14.3%, indicate that the 
participant didn’t know the relation and miss-interpret machine learning with AI. There was only 
one participant amongst the three that didn’t know the relation, who answered that they were not 
sure about their relation to each other, but there was no one who responded that they didn’t know 
anything about the topic. The following quotation is a result from the expert interview, which also 
answers the question of how the two concepts are related: 
 

Machine Learning and AI.  Machine learning is a statistical subset of algorithms and actually machine learning 
was found in computer science. [...] AI is massively using machine learning, but not limited to. It's much 
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The job is done in a quality level that you could imagine is done by a human, but actually it's not. It's done 
by a machine and this is what we call artificial intelligence. It's something very subjective, how you are aware 
of, how you realize, how a job is done1.  

  
Identified problems & machine learning approach 
Across the teams, 85% of the participants answers that they identify a specific problem which 
could be solved using machine learning. When compiling the data, it became evident that most 
people didn't provide problem statements but in fact use cases or purely functionalities of machine 
learning. This can be due to several reasons. Only 23.8% of the 85% who responded that they 
have a specific problem, described an actual learning problem. Based on this finding, the initial 
approach of analysing the connection between learning problem and machine learning approach 
had to be adjusted. To make use of the collected data, problems and use cases were clustered 
together to perform the analysis.  It is, however, important to mark that this question was created 
based on the outcome of the expert interview and literature. In machine learning, it is very 
important to give a clear problem statement, and not a use case. Machine learning solves problems, 
and if you don't know what the problem us it is not possible to find the appropriate solution1.  
 
Machine learning approaches 
In the figure below an overview off the different learning approaches mentioned in the 
questionnaire are shown.  

 
Figure 7: Machine learning approaches 
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3.2 Main result used for analysis 

In table 3 below, the result using the rating and weighing system is presented. The result from each 
team in Wise Inc. is segmented into the four areas; usage, experience, theoretical knowledge and practical 
knowledge described in the conceptual framework. Based on how many people participated in the 
questionnaire from the same team, each participants result is presented in its own column. To 
analyse the level of experience and knowledge with the team, the average rating of the participants 
for each area is presented on the right-hand side of the table. Usage and experience are combined 
together to form the average of overall experience. Theoretical and practical knowledge is 
combined together to form the average of overall knowledge. The averages make it possible to 
analyse what level of experience and knowledge exists within the team and enable the analysis if 
there is a correlation between experience and knowledge. On the furthest right-hand side, the 
overall total score for each team is calculated. This score is the two average values combined 
together. This total will be used for analysis across teams.  
 

Result of questionnaire data 

Team segmentation Participant 
no. 1 

Participant 
no. 2 

Participant 
no. 3 

Weighing 
score 

Average Total 

Data Analytics       

Usage medium medium  2.0 2.25 5.3 

Experience medium high  2.5   

Theoretical knowledge high high  3.0 3  

Practical knowledge  high high  3.0   

       

Advanced Analytics       

Usage medium high medium 2.3 2.5 5.5 

Experience high high medium 2.7   

Theoretical knowledge high high high 3.0 3.0  

Practical knowledge  high N/A high 3.0   
 

      

Strategy       

Usage low low medium 1.3 1.5 3.3 

Experience medium low medium 1.7   

Theoretical knowledge low high medium 2.0 1.8  

Practical knowledge  low low high 1.7   
 

      

Product analytics       

Usage low medium medium 1.7 1.8 3.7 

Experience low medium high 2.0   

Theoretical knowledge low low high 1.7 1.8  

Practical knowledge  low medium high 2.0   
 

      

Paid media        

Usage low low  1.0 1.0 2.0 

Experience low low  1.0   

Theoretical knowledge low low  1.0 1.0  

Practical knowledge  low low  1.0   
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Team segmentation Participant 
no. 1 

Weighing score Average Total 

Paid traffic     

Usage medium 2.0 2.0 3.5 

Experience medium 2.0   

Theoretical knowledge medium 2.0 1.5  

Practical knowledge  low 1.0   
 

    

Organic traffic - SEO      

Usage low 1.0 1.0 2.5 

Experience low 1.0   

Theoretical knowledge medium 2.0 1.5  

Practical knowledge  low 1.0   
 

    

BU analytics     

Usage low 1.0 1.0 3.0 

Experience low 1.0   

Theoretical knowledge low 1.0 2.0  

Practical knowledge  high 3.0   

     

Experience NPS     

Usage low 1.0 1.0 2.0 

Experience low 1.0   

Theoretical knowledge low 1.0 1.0  

Practical knowledge  low 1.0   

     

Payment analytics     

Usage medium 2.0 2.5 4.5 

Experience high 3.0   

Theoretical knowledge medium 2.0 2.0  

Practical knowledge  N/A -   

     

Communications     

Usage low 1.0 1.0 2.0 

Experience low 1.0   

Theoretical knowledge low 1.0 1.0  

Practical knowledge  low 1.0   

     

Consumer insights     

Usage medium 2.0 2.0 4.0 

Experience medium 2.0   

Theoretical knowledge low 1.0 2.0  

Practical knowledge  high 3.0   
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Team segmentation Participant 
no. 1 

Weighing 
score 

Average Total 

Practice areas     

Usage low 1.0 1.5 4.0 

Experience medium 2.0   

Theoretical knowledge high 3.0 2.5  

Practical knowledge  medium 2.0   

 

Table 3: Result of questionnaire data 

4 Analysis 

4.1 Analysis within teams 

Teams and knowledge 
Looking at the level of experience within teams, this is based on the level of usage and level of 
experience. Within the different teams, the level of usage and experience are closely related. 
However, in six of the thirteen teams, the level of experience is rated higher than the usage. By 
analysing the data it appears that 46.2% of people have a higher level of experience but a lower 
level of usage of machine learning. The rest of the teams have an equal match between the level 
of experience and usage. Looking at the level of knowledge within teams, this is based on the level 
of theoretical and practical knowledge. Interestingly, there is quite a level of fluctuation relating to 
the level of theoretical and practical knowledge. 30.8% of the teams indicate a higher level of 
theoretical knowledge than practical knowledge, 38.5% have an equal level of knowledge, and 
23.1% have a higher level of practical knowledge than theoretical knowledge. 
 
Data analytics 
Team 
Two people from the Data analytics team participated in the survey. The team name Data analytics 
is actually the name of a wider department with many sub-teams. This makes it difficult to tell how 
many people are part of the team they are referring to.  
Starting with the analysis within teams. The team Data analytics has an overall higher level of 
experience then usage, 2.5 compared to 2.0. Looking at the individuals in this team, there is one 
person who has a very high level of experience while both have a medium level of usage. Usage is 
classified based on whether the participant is using machine learning both at work and at home, 
either at work or at home or not using it at all. In this team, both use machine learning at work but 
based on their stated experience they might use it to a different extent.  
 
Knowledge 
Looking at the level of knowledge, they have both a high level of theoretical and practical 
knowledge, 3 and 3. The data suggest that this is a team with a higher level of knowledge than 
experience, but this might be due to the unbalanced experience in the team. 
 
Advanced analytics 
Team 
Three people from the advanced analytics team participated in the survey. The team consists of 
five people overall. This team is another team which appears to have an overall higher level of 
experience then usage, 2.7 compared to 2.3. Both of these are very high and indicate a very high 
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overall experience level. Looking at the individuals in the team, there is quite a difference between 
the usage and experience in the team even though their overall level is very high. One of the 
participants appears to have a very high usage and use machine learning both at work and at home. 
In line with McGarth et al. (2000), this can be interpreted as an indication of high motivation of 
the technology. Across the other participants with a medium level of usage, one uses machine 
learning at work and the other at home.  However, looking at the level of experience, the balance 
shifts between people, which might be a reason why the level of experience is higher than usage.  
 
Knowledge 
Looking at the level of knowledge, the advanced analytics team have a very high level of practical 
knowledge and theoretical, 3 and 3. Important to mention is that in this team, there was an 
inconsistency in the raw data making one of the participants answer relating practical knowledge 
un-interpretable. Even though the data suggest that this team has a higher level of knowledge than 
experience within the team, 3.0 compared to 2.5. 
 
Strategy 
Team 
Three people from a strategy team participated in the survey. The given names are inconsistent 
which made it difficult to judge how many people belong to this team. Due to inconsistency in 
participants team name, the segmentation of this team is a clustering of participants stating to work 
in a strategic related analytics function. This team also has an overall higher level of experience 
then usage, 1.7 compared to 1.3 which is leaning towards the lower level segment. Amongst the 
members of the team, there is widespread of both usage and experience which exists. The usage is 
relatively low and might be due to the nature of being a strategy team, with one exception of a 
person who is using machine learning at a medium level. The data suggests that this person is using 
machine learning outside of work, which indicate a certain motivation towards machine learning 
even though it's not used at work (McGrath et al. 2000). 
 
Knowledge  
Looking at the level of knowledge, the strategy team has a higher level of theoretical knowledge 
than practical knowledge, 2 compared to 1.7. On an individual level, there is widespread of 
knowledge levels across these individuals. Interestingly, the data suggest an imbalance between a 
person's theoretical and practical knowledge and all the participants in this team have a very 
different pattern across the two knowledge types. Where one participant appears to have a high 
level of theoretical knowledge, the rest of the members have a low-medium level. The same 
participant who has a high level of theoretical knowledge has a low level of practical knowledge, 
where´s the other participant has a medium-high level.  This data indicates an in-balance within 
the team, but still complementary to each other. Overall this team have a higher level of knowledge 
than experience, which might be due to the nature of the team and strategic role. 
 
Product analytics 
Team 
Three people from the Product analytics team participated in the survey. The team consists of five 
people overall. The product analytics team has an equal level of experience and knowledge. 
Looking within the area of experience, the participants have an overall higher level of experience 
then usage, 2.0 compared to 1.7 which is a relatively small difference. Amongst the members of 
the team, there is an in-balance of usage and experience existing, where the people are very 
separated. One person in the low-level segment, one medium and one in the high-level segment.  
 
Knowledge 
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One person stands out, with both high levels of experience and knowledge. This person scores 
very high in both experience, theoretical- and practical knowledge, which brings up the team's 
overall average. Overall this team appear to have a low-medium level of both experience and 
knowledge, but when looking closer have one person who appears to be an expert. 
 
Paid media 
Team  
Two people from the paid media team participated in the survey. The team consists of two people 
overall so this result represent the entire team. This team appears to have a low level of usage and 
experience across the team. By analysing the raw data, all members of the team states to have no 
experience in machine learning and no usage at all.  
 
Knowledge 
Looking at the usage, experience, theoretical- and practical knowledge, the team has a low level, 1, 
throughout. This might be an indication why the knowledge is low as well.  
In the following teams, only one person participated in the questionnaire. Even though the lack 
of data, this result will be used to represent the team in the analysis. 
 
Paid traffic 
Team  
One person from the paid traffic team participated in the survey. The team consists of four people 
overall. Since only one member participated, which makes it difficult to perform an analysis within 
the team. This member who participated appears to have a medium level of both usage and 
experience. Looking into detail, machine learning is used at work both collaborating with experts 
and using machine learning algorithms embedded in analytics tool.  
 
Knowledge 
Based on the data, the participant seems to have a medium level of theoretical knowledge but a 
low level of practical knowledge. Overall this team appear to have a slightly higher level of 
experience than knowledge, 2 compare to 1.5. 
 
Organic traffic  
Team 
One person from the organic traffic team participated in the survey. The team consists of seven 
people overall. Since only one member participated, which makes it difficult to perform an analysis 
within the team. The member who participated appears to have a low level of both usage and 
experience.  
 
Knowledge 
Based on the data, this person seems to have a medium level of theoretical knowledge but a low 
level of practical knowledge. Looking into detail, this person states to have participated in machine 
learning trainings, which might be a reason for the medium level of theoretical knowledge which 
exists. Comparing experience and knowledge, this team appear to have a slightly higher level of 
knowledge than experience, 1.5 compared to 1.0 which still indicates a low overall average. 
 
BU analytics  
Team 
One person from the BU analytics team participated in the survey. The team consists of five people 
overall. Since only one member participated, which makes it difficult to perform an analysis within 
the team. By analysing the data, this team member appears to have a low level of both usage and 
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experience. Looking further into the experience, this person is not using machine learning but has 
participated in machine learning trainings.  
 
Knowledge 
Even though the experience is low, the participant seems to have a high level of practical 
knowledge but a low level of theoretical knowledge. This is not a common pattern and might be 
due to several reasons. Overall this team appear to have a slightly higher level of knowledge than 
experience, 1.5 compare to 1.0 which is still very low. 
 
Experience NPS  
Team  
One person from the Experience NPS team participated in the survey. The team consists of five 
people overall. Since only one member participated, which makes it difficult to perform an analysis 
within the team. This team member appears to have a low level of experience and knowledge 
overall. Looking at the usage and experience this member claim to have no experience and no 
usage of machine learning.  
 
Knowledge  
By analysing the data, this member´s theoretical- and practical knowledge is low. Since this member 
has no experience in machine learning and no usage, this might be a reason why the knowledge is 
low. 
 
Payment analytics  
Team 
One person from the Payment analytics team participated in the survey. The team consists of four 
people overall. Since only one member participated, which makes it difficult to perform an analysis 
within the team. This team member appears to have a higher level of experience than knowledge, 
2.5 compare to 2.0. Looking at the usage and experience, the participant appears to have a high 
level of experience being able to successfully program and implement my own Machine learning software, and 
using machine learning in their work. 
 
Knowledge 
Analysing the level of knowledge, only the theoretical knowledge could be analysed due to an un-
serious answer relating the practical knowledge. However, even though the un-serious answer, the 
participant where in fact correct in their response. This might be due to the high level of 
experience. It appears as this team have a high level of both knowledge and experience existing 
within the team, but it’s important to note that this is only based on one person and therefore 
might not represent the entire team. 
 
Communications  
Team 
In the survey, one person stated communications as their team name. It is difficult to identify how 
many people belong to Communications, since there is no dedicated communications team 
existing. People working with communications are spread out across many teams and usually have 
a communication role within the respective team.  Since only one member participated, which 
makes it difficult to perform an analysis within the team. This member appears to have a low level 
of experience and knowledge overall, but also states to not perform any type of analytics. This 
member works within an analytics function but most likely not working in an analytics role 
 
Knowledge 
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Based on the theoretical description of machine learning, the answer is difficult to interpret as it is 
short and vague. Even though the practical knowledge is low as the member was unable to connect 
a learning approach to a problem, the member still describes the problem of digital experience and 
sorting content by relevance, which is indicates some sense of understanding of machine learning 
capabilities. However, from a knowledge base perspective, the knowledge is low. 
 
Consumer Insights 
Team 
One person from the Consumer insights team participated in the survey. The team consists of 
four people overall. This team appears to have an equal level of medium experience and knowledge 
overall, 2 and 2. Looking at the usage and experience within the team, both of these are rated as 
medium.  
 
Knowledge 
By analysing the theoretical- and practical knowledge there seems to be a contradicting level of 
knowledge. The theoretical knowledge has been rated as low, 1, and the practical knowledge as 
high, 3. This is not a common pattern and might be due to several reasons. Based on the collected 
data, the overall has been equalled out to a medium level of experience and knowledge. 
 
Practice areas 
Team 
In the survey, one person stated Practice areas as their team name. It is difficult to identify how 
many people belong to the team Practice areas, since there is no team in the organizational chart 
called Practice areas. This team appears to have varied level of experience and knowledge, 1.5 
compared to 2.5. Looking at the usage and experience within the team, the participant states not 
using machine learning but still has a medium level of experience such as using machine learning 
embedded in analytics tool. This might be due to several reasons, such as previous experiences 
even though machine learning is not used at the moment.  
 
Knowledge 
Interestingly, by analysing the theoretical- and practical knowledge the participant appears to have 
a high level of theoretical knowledge and a medium level of practical knowledge. By looking deeper 
into the data, this person gives very clear descriptions of the problem which could be solved using 
machine learning but is only able to give the accurate approach to solve some of these problems. 
The participant mentions several recommendation problems and personalized web-experience, 
where re-enforcement learning is the suitable approach. (Jordan & Mitchell 2015). 
  
Based on the result, the hypothesis was that there is a correlation between overall experience and 
overall knowledge. If a person has a higher level of experience, the person also has a higher level 
of knowledge.  
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Team & knowledge  

 
Figure 8: Correlation between experience & knowledge 

Looking at the correlation shown in Figure 8 above, it seems to be a weak positive correlation 
between the overall experience and overall knowledge. However, the statistical significance could 
not be confirmed. This might be due to several reasons, one being inconsistencies in the collected 
data where a team's experience and knowledge were very unbalanced within the teams. 

4.2 Analysis across teams 

In the following table, the thirteen teams result is compiled to give an overview of all the team's. 
This table will be used for the analysis across teams, where the individual team's scores will be 
compared. In the bottom table on the right-hand side, an overall average of all team's experience 
and knowledge is presented. For each team, usage and experience is combined together as overall 
experience, and theoretical and practical knowledge combined together as overall knowledge. These two 
values will be used for comparison.  
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Table 4: Overview of questionnaire result across teams 

Across the teams, there is widespread of different expertise and knowledge. The average overall 
experience and overall knowledge of teams are shown in table 4 above. The average for overall 
experience is 1.6 which indicate that the teams all together have a low level of experience in 
machine learning, but with a tendency to grow towards medium experience. The average for overall 
knowledge is 1.9 which is slightly higher, but still, indicate a knowledge level just below medium. 
As a positive result, 61.9%, appear to have a good theoretical understanding of machine learning 
in relation to artificial intelligence, which normally is one of the most common miss-interpretations 
(Russell & Norvig 1995). When looking at the different averages in the graph below, there is a 
slight fluctuation between teams who are stronger in experience and knowledge. Six of the thirteen 
teams have a higher level of overall knowledge than experience, and two of the thirteen teams have 
a higher level of experience then knowledge and five teams have an equal level. The result suggests 
that the level of knowledge is in general higher or equal to the level of experience, but rarely lower. 
What is interesting is that the two teams which stand out with their high level of knowledge and 
experience, both have a higher level of knowledge than experience. One team which slightly over 
exceeds the other is the advanced analytics team, which has a slightly higher experience level. 
Looking at the total score where overall experience and knowledge are combined, there are two 
teams which stand out with a high level of experience and knowledge. Only three teams classify as 
medium and eight teams land with a low overall experience and knowledge.   
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Figure 9: Overview of experience & knowledge across teams 

The two teams Data analytics and Advanced analytics both show a high level of experience and 
knowledge. To add some context to these teams, these are teams who mainly perform predictive 
and prescriptive analytics. According to Gandomi & Haider (2015), Machine learning techniques 
such as neural networks and regression algorithms are commonly used for predictive analytics and 
might be a reason why their experience is so high. Based on the interview findings, the Advanced 
analytics team is the team which mainly focus on machine learning and AI in the organization1. 
Due to inconsistency in the naming used in the questionnaire, it is difficult to draw any conclusion 
which function these teams work in. As mentioned in the expert interview, the advanced analytics 
team is split between the IT and Finance function and based on the stated level of expertise, it is 
more likely that the participants belong to the IT function. The IT team is in charge of building 
and implementing machine learning systems and Finance handle demand management1. In the 
interview, it was also mentioned that other analytics teams are touching the area of machine 
learning, but not to the same extent as the advanced analytics teams. The other analytic team mainly 
perform standard reporting1.  This pattern is reflected in the data collected across teams and might 
be a reason why these two teams’ standout and the rest have relatively low experience and 
knowledge. When clustering the teams based on overall knowledge the two teams just described 
fall into the high knowledge category, four teams into the medium knowledge category and seven 
teams into the low knowledge category. Even though the correlation between experience and 
knowledge cannot be statistically proven, there is a usage pattern existing amongst the team when 
categorizing them based on their knowledge level. Interestingly, the teams which have high 
knowledge have a 100% usage throughout the two teams, 50% usage in the medium cluster, and 
only 33.3% usage in the low knowledge cluster. When looking at the type of analytics performed, 
this also shows a pattern. The teams with high knowledge perform predictive analytics throughout 
the teams. In the other two clusters, medium and low knowledge, the analytics types are varying 
but not predominately leaning towards predictive analytics. Predictive analytics is mentioned by 
some of the team members, but no significant pattern is existing.  
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5 Conclusion   

The purpose of this thesis was to explore and identify the current knowledge base of machine 
learning across data analytics teams, within the organization Wise Inc..  
 
Since this study was performed on several groups of people, both literature on the study of groups 
and knowledge management was used to form the fundamental basis for this research. The 
literature on groups emphasizes the importance of looking at the members who belong to the 
same group and was therefore incorporated into the framework. The other important element in 
a group is the resource element, which consists of knowledge and skills. These elements fit well 
into the description of a knowledge base, where literature emphasise a mix of both knowledge 
breadth and depth to make up for a good knowledge base. Based on this information, the main 
areas of Team and Knowledge was included in the study to be able to explore and identify the 
overall knowledge base existing within, and across, several data analytics teams. To perform this 
study the two areas of Team and Knowledge was divided into more granular pieces to allow for 
in-depth analysis. Within the area of Team, the elements of machine learning usage and experience 
were included to form a holistic picture of overall experience amongst the members of a group. 
Within the area of knowledge, the elements of theoretical knowledge and practical knowledge were 
included to form a picture of the knowledge depth and breadth. Being an exploratory case study, 
little was known about the phenomenon in advance and the result of the thesis will form a first 
observation on the topic within the organization Wise Inc.. 
 
Looking at the level of theoretical and practical knowledge within the teams there is no consistent 
pattern. High level of both theoretical and practical knowledge can be found in two teams which 
also have the highest level of overall experience. In these teams, each member is able to give a 
good description of machine learning and also connect a learning approach to a specific problem. 
Amongst the rest of the teams, there are some inconsistent patterns appearing. Within team's, 
individual members tend to differentiate from each other, both in terms of theoretical and practical 
knowledge. Overall 61.9% of all members are able to give an accurate description of what machine 
learning is and indicate a certain degree of theoretical knowledge amongst members. Only 47.6% 
of participants are able to connect a learning approach to a problem, which is slightly lower. 
However, looking within each team there are a few members which stand out with their individual 
level of knowledge. The teams' Product analytics and Strategy, which stand out with members who 
have a much higher level of knowledge than the other members of the same team. The member 
of Payment analytics who stands out with a high level of experience might also have a high level 
of knowledge but due to un-valid data, this member practical knowledge could not be accurately 
interpreted. 
 
Data suggest that there is a weak positive correlation between overall experience and overall 
knowledge, but the statistical significance could not be confirmed. This might be due to several 
reasons, one being inconsistencies in the collected data where a team's experience and knowledge 
were very unbalanced within the teams. An important finding is the few members with high 
experience and knowledge, which stand out from the rest of their team. These people are 
important to identify as they can be very valuable to the overall knowledge base within the 
organization, even though analysis across teams indicate that the overall knowledge base is 
relatively low. An additional interesting finding is that more than 50% of the participants are using 
machine learning to some degree, and that 13.6% are only using it outside of work. From a 
motivation perspective, it was valuable information to know that 13.6% of people across teams 
are using machine learning, even though it is not required in their work.  
Across teams, the average level of overall experience is 1.6 which equals a low-medium level of 
experience. The average level of overall knowledge is slightly higher, 1.9 but still equals a low-
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medium level of knowledge. As a positive result, most participants appear to have a good 
theoretical understanding of machine learning in relation to artificial intelligence, which normally 
is one of the most common miss-interpretations.  Looking at the total score where overall 
experience and knowledge are combined, there are two teams which stand out with a high level of 
experience and knowledge. Only three teams classify as medium and eight teams land with a low 
overall experience and knowledge. Analysis across teams indicate that there are two teams who 
stand out with a very high level of experience and knowledge. These two teams are data analytics 
and advanced analytics, which obtain a high level of all four elements under observation; usage, 
experience, theoretical knowledge and practical knowledge. In these teams, the knowledge base is 
very high, indicating both knowledge depth and breadth. Important to highlight is that it seems to 
be a correlation between the type of analytics these teams are doing. Data analytics and Advanced 
analytics predominately perform predictive analytics throughout, while the other teams vary 
between other analytics types.  

5.1 Recommendations:  

Increase knowledge to gain competitive advantage 
As knowledge can be identified to be the most vital and profitable resource to gain competitive, 
the data analytics teams in Wise Inc. would benefit from increasing their overall experience and 
knowledge in the field of machine learning. Being a consumer good company with a strategic focus 
on digital, the field of machine learning is considered to drive the next decade of digital business. 
An increase in knowledge and experience in machine learning could, therefore, support Wise Inc. 
to develop an innovative performance culture and gain a competitive advantage in their business 
environment. An increase innovation culture will also contribute to the consumer service and 
products Wise Inc. is offering.    
A digital business expansion also put more pressure on processing and analysing all the 
information which is being generated externally and internally. Machine learning is by nature is a 
technology which learns from experience and is benefitting from the more data available. 
 
Centralize initiatives 
Amongst the data analytics teams in Wise Inc., there are two key teams with a high level of 
experience and knowledge. Until the overall knowledge base becomes stronger, Wise Inc. would 
benefit from centralizing initiatives relating to machine learning to these two teams. This strategy 
is mentioned in the expert interview and is, in fact, the plan moving forward. The benefit is to that 
these team would have an ownership of all initiatives relating to machine learning within the 
analytics field and achieve a certain quality and consistency. A possible disadvantage would be that 
it puts high pressure on the team's capacity. Such a centralized structure would require a team 
which is quite large since it seems to be a high motivation to use machine learning to solve 
problems. A recommendation would be to expand the team and the number of experts existing 
within these teams, to avoid this becoming a bottleneck and therefore risk the competitive 
advantage in the digital business environment. 
 
Knowledge sharing 
Since there are a few key members spread across the analytics team in Wise Inc. with a high level 
of experience and knowledge, the organization would benefit from creating a knowledge sharing 
environment. A knowledge sharing culture would allow the knowledge to spread across the 
analytics teams and also help them to elaborate on new perspectives when it comes to machine 
learning. From an organizational perspective, it is best if knowledge is spread across the teams and 
not possessed by a few members of a specific team. Knowledge sharing can lead to new ideas for 
radical innovation and shapes an innovation culture amongst the teams. Across teams, it might be 
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synergies in terms of problems and use cases which could be solved using machine learning, and 
in a knowledge sharing culture teams could support each other or partner upon similar initiatives. 
 
Technological opportunities  
Machine learning is a technology which is advancing very fast, especially in the recent years. Wise 
Inc. would benefit in not only increasing the overall knowledge but pay attention to the 
advancements in the field. Being a consumer goods industry with a focus on digital, machine 
learning can be very beneficial to personalize consumer product and services as well as removing 
competitive tasks for employees within the organization. In the questionnaire reinforcements 
learning was not mentioned very often, but many participants described problems which could be 
solved using reinforcement learning. Going forward, this could be a learning approach which Wise 
Inc. should learn more about.  

5.2 Future work 

Continuing studies in this field could be to focus further on areas of application. This research 
gives the first observation on Wise Inc´s knowledge base in machine learning, but it would be 
interesting to further explore the potential application areas within the field of data analytics to 
really support their digital business strategy. In addition to further research within the organization, 
it would be interesting to explore the topic from the consumer's point of view. In terms of product 
and experiences, what are their consumers expecting and can these demands be supported by 
machine learning? 
 
The next step would be to perform a study which tries to identify which machine learning initiatives 
Wise Inc. should focus on and formulate a strategy on how to be successful in the area knowing 
the organization's limitations. This study was performed on people working within data analytics 
team, but further studies would benefit from including people with a higher strategic role. 
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7 Appendix 

7.1 Appendix 1 - questionnaire questions & data 

7.1.1 Questionnaire   

 
1. Which team do you work in? eg. Consumer insights 

 
______________________________ 

 
2. What type of analysis do you perform in your job?  

For example: Predictive analytics, real-time analytics etc. 
 

3. What data types does your team interact with? You can select more than one. 
• Structured  
• Un-structured 
• Semi-structured 

 
4. Are you currently using, or have you been using, Machine Learning?  

• Yes, at my work 
• Yes, outside of work (Hobby, etc.)   
• No 

 
5. Which of these statements describe your experience in Machine Learning? You can select 

more than one. 
• Able to successfully program and implement my own Machine learning software  
• Collaborating with external/internal Machine learning experts in my current 

projects 
• Using Machine learning algorithms which are embedded in analytics tool 
• Participated in machine learning trainings,  
• No experience 
• Other: ________________ 

 
6. In your own words, how does machine learning relate to Artificial Intelligence?  

 
7. Do you see any specific problem which could be solved using machine learning? 

• Yes  
• No  

 
8. If yes; please describe: 

____________ 
 

9. Which approach would you use to solve this problem? 
• Supervised learning 
• Un-supervised learning 
• Reinforcement learning  
• Other: ____________ 
• I don’t know 
• None  
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7.1.2 Questionnaire data  

Summary of questionnaire data – segmented per team 

Question  Team Team  

Which team do you 
work in? eg. Consumer 
insights 

Data Analytics summary Advanced Analytics summary  

 What type of analysis 
do you perform in your 
job?  

Predictive analysis & 
optimization 

Prescriptive, descriptive, 
predictive analytics - sales 
forecasting, return on marketing 
investment 

What data types does 
your team interact with? 
You can select more 
than one 

Structured & Semi-structured Structured, un-structured, semi-
structured 

Are you currently using, 
or have you been using, 
Machine Learning? 

Yes, at my work Yes, at my work, Yes, outside of 
work (Hobby, etc.)  

Which of these 
statements describe 
your experience in 
Machine Learning? You 
can select more than 
one. 

Various spread:  
Able to successfully program and 
implement my own Machine 
learning software. 
 
Collaborating with 
external/internal Machine 
learning experts in my current 
projects. 
 
Participated in machine learning 
trainings" 

2x Able to successfully program 
and implement my own 
Machine learning software. 
 
Collaborating with 
external/internal Machine 
learning experts in my current 
projects. 
 
Using Machine learning 
algorithms which are embedded 
in analytics tool 

In your own words, how 
does machine learning 
relate to Artificial 
Intelligence 

* ML models are more problem 
specific and need more (human) 
intervention / reprogramming 
when new problems appear, 
while AI is learning from failures 
through feedback mechanisms 
and learns how to solve them 
(more or less) by itself.  
AI is ML come to life.  
 
* ML is the optimization of an 
objective function for a given set 
of inputs, while AI is a more 
complex set of automated 
decision making, based on one or 
several goals and trade-off. 

* AI is usually based on ML 
algorithms, like deep learning 
for image and speech 
recognition. However, AI is 
NOT ML as many claims. AI is 
the user interface that allows 
machine and humans to 
interact. 
 
* It is a sub-domain of AI next 
to other domains like 
Information retrieval, planning, 
knowledge representation, 
computer vision, NLP and so 
on. 
 



 45 

 
 

 

 

 

 

 

 

 

 

 

Machine learning is a complex 
function, artificial intelligence is a 
model of a brain. 

* Machine learning is part of an 
AI to analyse and give 
recommendations, but an AI is 
more than a machine learning 
algorithm. 

Summary of questionnaire data – segmented per team 

Question  Team Team  

 Data Analytics summary Advanced Analytics summary  

Do you see any specific 
problem which could be 
solved using machine 
learning 
 

yes yes 

If yes; please describe: Forecasting sales of new 
products based on the behaviour 
of old products. Time series 
information of old products 
could be clustered and prototype 
time series could be extracted 
from the clusters (unsupervised). 
New articles could then be 
classified / assigned to clusters 
based on attributes that 
characterize clusters (supervised). 
 
Data quality improvement, 
markdown optimization, range 
optimization, demand 
forecasting, supply chain 
optimization. 
 

* Remove repetitive tasks (like 
forecasting), from human 
workload which the machine is 
usually better at. 
 
* Picture recognition, 
recognition of fixed patterns, 
forecasting if long time of 
history is available 
 
* Machine learning can be 
applied to many problems 

Which approach would 
you use to solve this  
problem 

 2x Supervised learning, 2x Un-
supervised learning 

3x Supervised learning, 2x Un-
supervised learning, 
reinforcement learning  
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Summary of questionnaire data – segmented per team 

Question  Team Team  

Which team do you 
work in? eg. Consumer 
insights 

Strategy Summary Product analytics summary 

 What type of analysis 
do you perform in your 
job?  

descriptive analytics, regression 
& correlations, real-time analytics 

Historical trend analysis. 
Predictive insight based on past 
trends. 
Descriptive, 
Text analytics 

What data types does 
your team interact with? 
You can select more 
than one 

3x Structured, 2x un-structured, 
3x semi-structured 

3x Structured, 2x un-structured, 
3x semi-structured 

Are you currently using, 
or have you been using, 
Machine Learning? 

2x No, Yes, outside of work 
(Hobby, etc.)  

Yes, at my work,  
Yes, outside of work (Hobby, 
etc.), 
No 

Which of these 
statements describe 
your experience in 
Machine Learning? You 
can select more than 
one. 

2x Collaborating with 
external/internal Machine 
learning experts in my current 
projects. 
 
Using Machine learning 
algorithms which are embedded 
in analytics tool 
 
Participated in machine learning 
trainings 
 
No experience 

Able to successfully program 
and implement my own 
Machine learning software. 
 
Using Machine learning 
algorithms which are embedded 
in analytics tool. 
 
2x Participated in machine 
learning trainings 

Summary of questionnaire data – segmented per team 

Question  Team Team  

 Strategy Summary Product analytics summary 

In your own words, how 
does machine learning 
relate to Artificial 
Intelligence 

* AI is a system of self-
optimizing, non-supervised 
Machine Learning algorithms. 
 
* Making applications smarter by 
automatically learn them new 
behaviours during processing 
data. 
 

* Machine learning is AI as 
improvements on machine 
performance are made through 
ongoing testing and simulation. 
* Machine learning 
methodology and algorithm is 
the backbone of AI. 
* Machine learning is 
considered to be a subfield of 
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* Machine learning is the "how"; 
artificial intelligence is the 
"what". 

artificial intelligence; machine 
learning = learning behaviour 
from data; artificial intelligence 
can also be e.g. problem solving 
by using heuristics 

Do you see any specific 
problem which could be 
solved using machine 
learning 

Yes 2x Yes, No 

If yes; please describe: Size & Fit recommendation 
Refining Attribution model.  
Detecting anomalies. 
NLP  

Product Review Sentiment 
analysis and Sales forecasting. 
Analysis of text product reviews 

Which approach would 
you use to solve this 
problem 

Supervised learning, 
Reinforcement learning, I don´t 
know 

2x Supervised learning, Un-
supervised learning, I don´t 
know 

Summary of questionnaire data – segmented per team 

Question  Team Team  

Which team do you 
work in? eg. Consumer 
insights 

Paid media Summary Paid traffic  

 What type of analysis 
do you perform in your 
job?  

2x descriptive, sometimes 
predictive 

real time, standard reporting, little 
bit predictive 

What data types does 
your team interact with? 
You can select more 
than one 

Structured, Un-structured, 2x 
semi-structured 

Structured, un-structured, semi-
structured 

Are you currently using, 
or have you been using, 
Machine Learning? 

No Yes, at my work 

Which of these 
statements describe 
your experience in 
Machine Learning? You 
can select more than 
one. 

No experience Collaborating with 
external/internal Machine 
learning experts in my current 
projects. 
 Using Machine learning 
algorithms which are embedded in 
analytics tool 
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Summary of questionnaire data – segmented per team 

Question  Team Team  

 Paid media Summary Paid traffic  

In your own words, how 
does machine learning 
relate to Artificial 
Intelligence 

* AI relies on Machine learning. 
 
* Intelligence displayed by 
machines instead of humans.  

Machine learning is part of the 
AI family.  

Do you see any specific 
problem which could be 
solved using machine 
learning 

Yes, No yes 

If yes; please describe: For data analytics machine 
learning can help to produce 
reliable and repeatable decisions 
through learning from historical 
data and relationships. Moreover, 
it can help to discover hidden 
insights.  

online marketers have over 200 
KPIs to look at these days and 
that´s too many to do a good 
job, we need machine learning. 

Which approach would 
you use to solve this 
problem 

Supervised learning, I don´t 
know 

I don´t know 

Summary of questionnaire data – segmented per team 

Question  Team Team  

Which team do you 
work in? eg. Consumer 
insights 

organic traffic - SEO Consumer Insights  

 What type of analysis 
do you perform in your 
job?  

search behavior analysis Descriptive analytics 

What data types does 
your team interact with? 
You can select more 
than one 

Structured, semi-structured Structured 

Are you currently using, 
or have you been using, 
Machine Learning? 

No Yes, at my work 

Which of these 
statements describe 
your experience in 
Machine Learning? You 
can select more than 
one. 

Participated in machine learning 
trainings 

Collaborating with 
external/internal Machine 
learning experts in my current 
projects. 
 
Using Machine learning 
algorithms which are embedded 
in analytics tool. 
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Participated in machine learning 
trainings 

Summary of questionnaire data – segmented per team 

Question  Team Team  

 organic traffic - SEO Consumer Insights  

In your own words, how 
does machine learning 
relate to Artificial 
Intelligence 

Machine learning is a part of 
Artificial Intelligence, and I 
expect it will be a core 
component of most or all of the 
Artificial Intelligence built in the 
coming years. 

There are many definitions of 
both and I think they are quite 
the same. It depends on the 
algorithm you use 

Do you see any specific 
problem which could be 
solved using machine 
learning 

yes Yes 

If yes; please describe: Image search There are several problems to 
be solved with Machine 
learning. From predictive 
analytics for marketing, to 
forecasting the success of a 
shoe.  

Which approach would 
you use to solve this 
problem 

I don´t know Supervised learning, Un-
supervised learning 

Summary of questionnaire data – segmented per team 

Question  Team Team  

Which team do you 
work in? eg. Consumer 
insights 

BU analytics Experience NPS  

 What type of analysis 
do you perform in your 
job?  

Campaign Analysis We look back at historical data 
to identify trends, but also 
measure the impact of changes. 
All data we use is historical as 
the customer has to submit it.  

What data types does 
your team interact with? 

Structured, un-structured Structured 
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You can select more 
than one 

Are you currently using, 
or have you been using, 
Machine Learning? 

No  No  

Which of these 
statements describe 
your experience in 
Machine Learning? You 
can select more than 
one. 

Participated in machine learning 
trainings 

No experience 

Summary of raw data – segmented per team 

   

Question  Team Team  

 BU analytics Experience NPS  

In your own words, how 
does machine learning 
relate to Artificial 
Intelligence 

Machine learning forms the base 
of AI 

Not sure  

Do you see any specific 
problem which could be 
solved using machine 
learning 

Yes No 

If yes; please describe: Predicting social media data N/A 

Which approach would 
you use to solve this 
problem 

Supervised learning, Un-
supervised learning 

Reinforcement learning, I don´t 
know 

Summary of raw data – segmented per team 

Question  Team Team  

Which team do you 
work in? eg. Consumer 
insights 

Payment Analytics Practice areas 
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 What type of analysis 
do you perform in your 
job?  

Real-time predictive, predictive 
and also descriptive analytics 

topic identification, sentiment 
analysis, real-time monitoring 

What data types does 
your team interact with? 
You can select more 
than one 

Structured Un-structured, semi-structured 

Are you currently using, 
or have you been using, 
Machine Learning? 

Yes, at my work  

Which of these 
statements describe 
your experience in 
Machine Learning? You 
can select more than 
one. 

Able to successfully program 
and implement my own 
Machine learning software  

Using Machine learning 
algorithms which are embedded 
in analytics tool. 
 
Participated in machine learning 
trainings 
 
No experience 

In your own words, how 
does machine learning 
relate to Artificial 
Intelligence 

AI is the umbrella term. 
Machine Learning is part of AI. 

AI has a higher degree of 
autonomy, and uses machine 
learning as a precursor for 
determining patterns, for 
improving its process 
automation. It's the 'training' of 
the 'Master' 

Summary of raw data – segmented per team 

Question  Team Team  

 Payment Analytics Practice areas 

Do you see any specific 
problem which could be 
solved using machine 
learning 

Yes  

If yes; please describe: Predict the mood of my wife 
every morning. 

- making recommendation 
suggestions for campaign 
assets (banners, social assets, 
copy, video contents) to 
improve engagement; it would 
consist of recommended time, 
copy+graphic combination, 
graphic content  
- using machine learning (topic 
analysis, together with 
computer vision combined 
with browsing history) to make 
.com product 
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recommendations 
- detection of spam/bot/porn 
content: to cleanup data meant 
for processing for topic and 
sentiment analysis 
- A/B and multivariate testing: 
adjusting the elements being 
tested based on dynamic 
contextual cues 
- .com personalization at level 
of copy and image styling 
based on vocab used by 
consumer on social media  
- product recommendations 
based on what features a 
consumer rated highly or 
mentioned positively in a 
review 

Which approach would 
you use to solve this 
problem 

Supervised learning Supervised learning, Un-
supervised learning 
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7.2 Appendix 2 – Interview data 

7.2.1 Interview transcription 

Personal interview with Senior Data Scientist, Wise Inc. performed and recorded on the 23rd of 
November 2017. Due to confidentiality and rightful ethics towards Wise Inc. the interview 
transcription has been excluded in the published version.  

 
  

Summary of questionnaire data – segmented per team 

Question  Team 

Which team do you work 
in? eg. Consumer insights 

Comms summary 

 What type of analysis do you 
perform in your job?  

None 

What data types does your 
team interact with? You can 
select more than one 

None 

Are you currently using, or 
have you been using, 
Machine Learning? 

No  

Which of these statements 
describe your experience in 
Machine Learning? You can 
select more than one. 

Participated in machine learning 
trainings 

In your own words, how 
does machine learning relate 
to Artificial Intelligence 

Machine Learning is a part of AI. 

Do you see any specific 
problem which could be 
solved using machine 
learning 

Yes 

If yes; please describe: Machine learning can help 
improve digital customer 
experience (content by 
relevance). 

Which approach would you 
use to solve this problem 

Maybe semi-supervised learning 
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