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The objective of this study is to develop a business intelligence system for the case company
that responds to the requirements of conducting high value creating business analysis. The
research process starts with an observation period during which the current practices and
systems in the case company are assessed. Previous literature suggests that focusing on
timely delivery of insights, pervasive use and predictive analysis help create higher value.
Methods and technologies suggested by literature to facilitate high value creation were put
to a test using one of the most difficult topics in the case company.

Implementing the chosen methods and technologies provided significant improvement
compared to previous experiences of the case company. Even so, the implementation of the
system still required specialized expertise and thorough understanding of the data. Also the
significant time used to study the situation in the case company helped to define the correct

solutions to implement.
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Taman tutkielman tavoitteena on kehittaa case-yritykselle business intelligence alusta, joka
vastaa korkeaa arvoa luovan business analyysin toteuttamisen vaatimuksiin.
Tutkimusprosessi alkaa havaintojen keraamiselld jonka aikana arvioidaan case yrityksen
nykyisia kaytantoja ja jarjestelmia. Aikaisemman Kirjallisuuden mukaan tiedon nopea
toimitus, jatkuva kaytto ja prediktiivinen analytiikka auttavat luomaan korkeampaa arvoa.
Tutkimus testaa nédiden tekijoiden implementointia yhteen case yrityksen vaikeimmista
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Valittujen metodien ja teknologioiden hyddyntaminen johti merkittavddn parannukseen
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1 Introduction

Due of digitalization human and business activities are generating increasing amounts of
data that can be utilized to make better business decisions (Jank 2011). At the same time
globalisation is driving competition in many industries and companies need to seize every
opportunity to stay in the ever tightening race (Wiersema and Bowen 2008). As such, data
does not facilitate better business decisions, but needs to go through a series of steps that
transform it to knowledge that can be used in decision-making (Eckerson 2003). Business
analytics is all about refining data into actionable insights, and investing in it has been
commonly recognized to improve business performance (Tyagi 2003, LaValle et al. 2011,
Kiron et al. 2014). However, the effective deployment of business analytics is not always
straight forward. Analytics requires different technical and human capabilities and is largely
dependent on the quality and quantity of the data that is available (Delen and Demirkan
2013a). While data can be employed to solve many problems it can also be notoriously
difficult to extract value from (Acito and Khatri 2014).

Utilizing different information assets in decision-making is by no means new practice. In the
past it might have been challenging to gather the needed data, but today, the main challenge
is transforming the vast amount of data in to actionable insight (Olszak and Ziemba 2006).
Despite the sufficiency of data volume it can still be difficult to access useful data, and
sources are often unintegrated (Rasmussen et al. 2002). Business Intelligence (BI) systems
are considered to be the solution that facilitates leveraging the data that has been
encapsulated in different sources (Elbashir et al. 2011). Bl systems consist of a set of
integrated tools and technologies that are used to collect, integrate, analyse and make data

available (Reinschmidt and Francoise 2000).

Bl systems are the foundation for conducting business analytics and the primary goal of Bl
is to enable turning data into information (Pape 2016). The systems need to be able to
facilitate timely delivery of insights and also take into account frequently changing business
requirements (Larson and Chang 2016). With the highly dynamic needs of decision-makers
(DeSarra 2012) and increasing need for business insights driven by predictive analytics it is
obvious that current stovepipe implementations are unable to meet the demands of

increasingly complex KPIs, metrics and dashboards (Delen and Demirkan 2013b). Agility



of the de-centralized information repository approach that most organizations have
implemented is being constantly challenged (Zimmer et al. 2012). Traditional software
focused development has been found problematic in Bl projects. When it comes to Bl, the
value is not created by the software, but the information the system delivers. (Larson 2009)
Bl development requires close collaboration with business users, dynamic development
methods and early delivery to ensure the creation of business value (Collier 2011; Larson
and Chang 2016). The agile software development principles published in 2001 by Beck et
al. call for more dynamic, less formal and customer focused development. This value-driven
approach is a natural fit for Bl development and practitioners have also applied it with
success (Larson 2009).

The benefits of agile Bl development have been recognized by practitioners and the success
has been confirmed by a number of surveys. In addition, academic literature has picked up
on the topic of agility in a BI context. Academics’ definitions of agility are commonly based
on Beck et al.’s (2001) manifesto and focus on the BI systems ability to rapidly respond
when unexpected changes occur (Zimmer et al. 2012). The use of agile methods have been
studied by the likes of Collier (2011) who argues that they improve the development process
in both flexibility and time. His work is conclusive of both agile management methods and
agile technical methods. Comprehensive literature reviews and analysis of agile principles
in Bl development have been carried out by Larson (2009), who lists best practices focusing
on the information value chain, and Larson and Chang (2016), who include later trends of
Bl such as big data analytics as they propose an agile Bl delivery framework. Also
Krawatzeck et al. (2015) conducts a thorough analysis of related literature to develop a
catalogue of the most suitable actions to undertake in agile Bl projects. Baars and Hitter
(2015) take a more practitioner-oriented approach as they develop their framework for
identifying and classifying relevant measures of Bl agility by interviewing experts in 25
companies. The starting point of their work is the division of Bl agility introduced by Baars
and Zimmer (2013), which classifies Bl agility into content agility, functional agility and
scale agility. On the other hand, Baars and Zimmer (2013) state that these agility types can
be also categorized into the architectural layers of a Bl system. Of the layers of the BI system
the back-end data layer has been the most common topic of agile Bl literature so far,
highlights of which are such as Ambler’s work on agile data warehouse development (i.e.
Ambler 2003a; 2003b; 2012) as well as Hughes’ publications (2008 and 2012). The

popularity of the back-end as research topic is likely due to the fact that it accounts for more



than 50 per cent of the time and costs of Bl projects (Davenport et al. 2001; Shen et al. 2012;
Wang et al. 2012).

The focus that the data layer has received in the agile Bl literature is by no means unjustified.
However, agile development methods can be highly valuable in the development of the
front-end applications as well. After all the front-end of the system delivers the data for
analysis of the business user. Close collaboration and focus on business value in the
development process should ensure the delivery of actionable intelligence to facilitate
confident business decision-making. DeSarra (2012) has already applied agile methodology
to the front-end development of a Bl system in his case study, and Collier (2011) has also
touched the subject, but the literature us still very thin. There are no case studies that would
apply agile methodology and technology to development of BI system including front-end
development which would include detailed descriptions of the development work. This type
of research would have clear implications for practitioners, and would provide additional

information to support previous findings of academics as well.

1.2 Research Objective

The objective of this study is to develop a business intelligence system for the case company
that responds to the requirements of conducting high value creating business analysis. This
primary research objective was formed in the research design phase, before the start of the
actual research process. The research questions that would help reaching the research
objective where formed in an iterative fashion during the research process. These questions
are based on constant comparison of theory and the emerging empirical evidence to find the

correct questions.

e What are the needs of the case company and what is limiting value creation of
business analysis?
e How to build agility in the BI system?

e How to improve data integration?
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1.3 Research Methodology

The value that this study will create, is not in testing of a theoretical model or a theory, but
more related to issues in application of current knowledge in practice, in a specific context.
For this purpose a case study methodology is applied. This methodology enables the research
to be carried out in a specific setting using a variety of data sources (Baxter 2008). The
research approach is more of the inductive type than the deductive type. The study will focus
on inducting theory using a case study method. This includes within case analysis and,
replication logic, that are distinctive to the inductive, case-oriented approach. (Eisenhardt
1989). In the deduction approach there is often a firm methodology that is followed to test a
well-defined hypothesis, but in the inductive approach, as in this study, there is often no
clear hypothesis that is tested. (Saunders et al. 2007) As McNiff and Whitehead (2000) point
out, in this type of practitioner research, even the research question might not be clear before
the start of the research process itself. In this case study the primary research objective was
formed before the start of the research process, but the secondary supportive questions that
would be required to get to the objective were formed during the research process.

Using a case study approach allows the use of both qualitative and quantitative evidence
(Baxter 2008). In the study qualitative data is used to analyze the needs and issues of the
case company related to conducting business analysis. The qualitative data is supported by
quantitative evidence that focuses on the descriptive analysis of the data, and related meta
data, that is used to conduct the business analysis in the case company. The primary data
collection method for the qualitative data is unstructured participant observation, which is
supported by documents. In participant observation the researcher may participate in the
events that are being studied. The method allows the collection of information that might not
be available in any other way, but is subject to the bias of researcher which should be
carefully considered when conducting the research. (Tellis 1997) Participant observation is
less used in management and business research, but common in sociology and anthropology.
Yet, it can be a highly valuable tool in business research when used as the primary research
method, and possibly supported by other methods. The main benefit of participant
observation is a high level of immersion which allows the researcher to build an extremely
deep level of understanding of the specific context. (Saunders et al. 2007) Another reason

why observation was chosen as the primary data collection methods is that it enables a fresh
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look at issues that otherwise would be taken for granted and thus not brought forth by other

methods such as interviews or questionnaires (Robson 2002).

1.4, Structure of the Study

The thesis starts by presenting the important theoretical concepts related to the study. The
theoretical section is divided to business analytics, and business intelligence systems and
agile development. The first section will familiarize the reader with business analytics, what
is it used for and what factors facilitate maximum value creation with business analytics.
The purpose of this chapter is to provide an understanding of what is required from the
business intelligence system which is used to conduct analysis. The business intelligence
and agile development section presents the reader with the basics of business intelligence
systems as well as agile principles. The most common business intelligence technologies are
reviewed, as well as agile methods and technologies that can be used to develop agile

business intelligence systems.

The empirical study begins after the theoretical section. First the case context is presented,
followed by the findings made in the case company during the observation period. Next the
development plan which was created based the observations and the theoretical framework
Is presented, and then the work done in each development iteration. The empirical part ends
with an overview of the final business intelligence application presented from an end-user

point of view.

The empirical part is followed by a discussion where the empirical findings are reviewed
together with the findings of previous literature in order to compare them. The study ends
with conclusions of what was studied and what kind of practical and academic implications

the results have.
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2. Business Analytics

Every time we make a phone call, use a customer loyalty card or search engine, we leave a
digital footprint behind. These electronic transactions result in massive amounts of data that
businesses are collecting. This data can be used to make strategic decisions, build better
products and services and asses business risks. For most companies all of the new data has
created significant opportunities and for some companies harnessing data has become a
necessity. Data collection is especially important for companies that operate online, since
they do not have the ability to meet their customers in person. Data collection and analysis
Is not only an opportunity for eBusiness, but since most business transactions are electronic
also industrial companies can benefit from data analysis by optimizing their operations and
cost efficiency. (Jank 2011) Many organizations are also trying to become more agile in
response to globalized competition and rapidly changing market conditions (Delen and
Demirkan 2012). To have the right information available at the right time for business
decisions calls for renewed focus on analytics and new ways of working. Whereas, the
amount of data and new analytical methods are an opportunity for businesses, they are a

challenge for organizations that facilitate business analytics.

Business analytics is a topic of significant hype and the term is often misunderstood. There
have been many attempts to define business analytics, but the task seems to be rather difficult.
According to many definitions, the essence of business analytics is data-driven decision
making, using statistical models and information technology to turn data into valuable
insights (Cooper 2012, van Barneveld et al. 2012, Evans et al. 2012). Perhaps the most
commonly used and a well-rounded definition comes from Davenport and Harris (2007)
according to who business analytics means: “The extensive use of data, statistical and
quantitative analysis, explanatory and predictive models, and fact-based management to
drive decisions and actions. The analytics may be input for human decisions or may drive
fully automated decisions.” In general, there seems to be three aspects in the definitions that

keep occurring: Data, use of statistical analysis, influence on decision making.
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2.1 Different Types of Business Analytics

Business analytics facilitates reaching business objectives through analysis of trends and
patterns in data, building predictive models to foresee opportunities and problems, and
helping to find ideal solutions with optimization models. Delen and Demirkan (2012)
provide a simple framework that divides these activities into three categories: descriptive,
predictive and prescriptive, that are presented in figure 1. Descriptive analytics is more
commonly known as business reporting. It includes standard, ad-hoc reporting as well as
more dynamic data analysis, but it usually takes a backward looking view. Predictive
analytics uses more advanced methods of statistical analysis and data mining techniques,
and tries to gain a view of what will happen in the future. Whereas predictive analytics is
trying to project the future conditions, prescriptive analytics is also trying to define the
actions that are optimal for the situation. Algorithms and multi-criteria decision making
models used in prescriptive analytics are beginning to bear resemblance to expert knowledge.
Starting from the less advanced descriptive analytics, and moving towards prescriptive
analytics we can see how the outcome shifts from less valuable standard reports, that merely
support decision-making, to high value insight, that can already dictate the right actions.
Effectiveness of analytics, no matter what type, depends largely on the quality and quantity
of the data that is available (Delen and Demirkan 2012). To find meaningful insights from
any data, majority of effort is spend on preparing, cleaning and standardizing the data (Kotu
2015).
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Figure 1. Three types of business analytics

Descriptive analytics provides information on trends and past and current events that give
decision-makers context for future actions. Descriptive analytics is characterized by
performance measurement and the use of key performance indicators. Since descriptive
analytics also covers conventional business reporting it is the most widely used type of
business analysis (Cook and Nagy 2014). In addition to standard, static business reporting
descriptive analytics also includes the ability to drill-down to higher detail and to find out
what are the actual causes for past and current performance, and where possible problems
are. When combining data from different sources descriptive analytics can provide a
comprehensive view on what has happened and why. This gives management context for
decision-making. The role of descriptive analytics is to provide the historical information
that decision-makers can react to what has happened. Descriptive analytics can also include
automated alerts for potential problems. (IBM 2013)

Whereas descriptive analytics provides the past and current state of the business, predictive
analytics is designed to help decision-makers plan ahead. The role of predictive analytics is
to give decision-makers information about what could happen in the future and to anticipate
likely scenarios. Using historical descriptive data, predictive analytics applies different types
of models to predicted future events. Predictive analytics is characterized by the use of time

series trends and correlations. By identifying patterns in the data, predictive analytics uses
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advanced data mining and statistical analysis techniques to provide a fact-based foundation
for decision-making. Simulation and forecasting models provide improved insights for
decision makers and lay out the possible future states, so that a decision-maker can make
informed decisions. (IBM 2013)

Predictive analytics can be seen as a subset of data-mining, which simply means finding
useful patterns in data. In practice, data mining is searching large stores of data with
sophisticated computational techniques. The aim is to discover structures such as patterns
and trends which are meaningful and useful. (Kotu 2015) Since data-mining has been very
computer science centered in the past, the basic data-mining concepts can be difficult to
grasp for many business analysts. Fayyad et al. (1996) provide a clarifying overview of data-
mining methods. The most common data-mining methods include techniques, such as simple
linear regression, non-linear regression, logistic regression, decision threes and neural
networks. These methods can be used in predictive analysis to classify data, find associations
and clusters, and predict future values. The methods are not used solely for predictive tasks,

but some of them can be used in descriptive analytics as well. (IBM 2013)

Prescriptive analytics is the most advanced type of business analytics. It explores possible
actions and identifies optimal solutions from descriptive and predictive data. Using
optimization and advanced mathematical techniques, predictive analytics suggest actions
that have been identified based on a set rules, constraints and thresholds. The analysis should
not only recommend a solution, but also reveal why it is recommended and what are the
possible implications of the action, and also take uncertainty into account. Prescriptive
analysis is especially useful when decisions are based on large and complex data sets that
are impossible to understand without the help of technology. (IBM 2013)

According to a Eckerson (2003) 75 % of the tools that business analysts use are geared
towards descriptive reporting tasks. These are usually standard reporting tools such as
scorecards and dashboards that answer the question what has happened. 20 % of analytics
tools are meant for deeper analysis, and answering why-questions. Examples of these
analytics tools include spreadsheets and OLAP. Only 5 % of analytics tools are meant for
predictive analysis, such as regression models, optimization and simulation. Eckerson (2003)
does not include prescriptive analytics into the summary, so the share of prescriptive

analytical tools is evidently very small, and these tools are for very specialized analytics.
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2.2 The Purpose of Business Analytics

The idea of business analytics was born when tools and technologies were introduced that
could process a larger quantity of information and recognize patterns in it more effectively
than a humans can. When information technology progressed business analytics became
more accessible and widely used. Zuboff (1985) noticed that when information technology
Is used to automate processes a lot of information about how an organization carries our it
tasks is created simultaneously. Zuboff (1985) argued that this information could be used to
build better understanding of the business and to also start improvement and innovation in
production and delivery of products and services, which would improve the competitiveness
of the business. In the first wave of business analytics the commercialization of enterprise
information systems to a more generic format and key technologies such as the enterprise
data warehouse brought more data available for decision-makers (Davenport 2013). The
benefits of integrating organisational data from multiple data sources to a data warehouse
have been discussed by author such as Anderson-Lehman et al. (2004), Goodhue et al. (2002),
Watson et al. (2002), Wixom and Watson (2001) who also discuss factors that affect the
successfulness of data warehousing projects. The new technologies and tools also required
new competencies. Gradually business analytics started to require expert level understanding
of information system, data management and analytical models as the systems became more
advanced. Eventually business analytics became often seen as a service for business units,
provided by analysts, while the infrastructure is provided by the IT department. Close co-
ordination of these parties is still necessary for successful practice of business analytics.

(Saxena and Srinivasan 2012)

The most recent development phase in business analytics was pioneered by the internet
businesses and social network firms of Silicon Valley. These companies noticed that all the
electronic transactions that took place generated vast amounts of data that had been
previously overlooked. They began to analyse new kinds of information that quickly
changed the role of data and analytics in those companies. Later the analysis of these
extremely large amounts of information became known as big data. The data itself is
characterized by the facts that it was not purely generated by the firm’s own transactions,
but also acquired from external sources, and for a large part generated by human behaviour,

meaning that a lot of the data was in an unstructured format. The enormous amounts of data
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required new technologies for managing it. Since big data could not be efficiently stored and
analysed in a single server, technology such as Hadoop and in-memory analytics were
introduced. All of these changes required also a new set of competences from business
analysts, that now needed to possess both computational and analytical skills. This lead to
the creation of the role of a data scientist. (Davenport 2013) Even though the process of
extracting valuable knowledge from large datasets, has been described already in the 1990s,
by author such as Fayyad et al. (1996), Sasisekharan et al. (1996) and Simoudis et al. (1996)

the practice has started to become more common among businesses only in the recent years.

It seems that business analytics was born not so much from a need than an opportunity
created by advances in technology and changes in human behaviour. Chen et al. (2012) state
that the role of business analytics is to help enterprises understand their business, market,
and make better decisions. This rather general description applies for most cases, but in some
industries the role of business analytics has become a central part of success. Examples of
such applications are estimation of insurance prices, and optimization of logistics routes, as
well as analysis of customer data to determine the effectiveness of a marketing campaigns
(Kohavi et al 2002). In businesses that all customer contacts are purely online it is critical
that companies have the ability to analyse the data generated by the customers when they
visit the company website. Most companies do not have such specialised purpose for
analytics as in the previous examples, but can still draw benefits from wide adaptation of
analytics in decision making processes. According to LaValle et al. (2011) survey companies
that substantially outperform industry peers have put analytics to use in the widest possible

range of decisions. Thus utilizing all the opportunities that are available.

In order to use data as a basis of decision making it has to go through a number of refining
steps, each requiring different technical and human capabilities. Eckerson (2003) sees that
data is a raw material that needs to go through a refining process to be transformed into
information products. As such, data does not facilitate better decision making, but needs to
be transformed into information to begin with. Data is essentially discrete and objective facts
regarding events. According to Joia (2000), in order for data to become information, it
requires attributes, relevance and context, which all are provided by a human. Only a human
mind can give data the purpose and relevance that transforms it to information. Of course

the logic can be later build to an information system, and repeated automatically.
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Knowledge Understanding Action

Figure 2. The transformation from data to action.

The next step in the refining process is to transfer the information into knowledge. Kock and
McQueen (1998) define information as “descriptive and historical, relating primarily to the
past and the present” and emphasize the predictive and associative nature of knowledge
compared to information. They do however acknowledge that it is difficult to make the
distinction between information and knowledge, since they are usually communicated in the
same way. Davenport (1998) sees that knowledge is information combined with context,
interpretation, experience and reflection. Emblemsvag (2005) argues that business analytics
cannot provide knowledge directly and that the outcomes of business analytics requires
further work. Also the arguments promoting the predictive power of knowledge and
involvement of humans in the creation of knowledge seem to be suggesting that humans
have a major role in turning the results of business analytics in to knowledge that can lead
to action. However, modern predictive models are starting to overtake the role of humans in
providers of context and interpretation and eventually decision-makers. When the decision
criteria are highly structured, data is high quality, and the decision making rules can be
codified the decisions can be made with minimal human intervention by automated decision
applications. Although, automated decision making processes can take care of repetitive

operational tasks, more complex decisions are still left for humans. (Davenport 2010)

In order to use complicated analytical models the decision-maker needs expertise to
understand what the models are suggesting. The numbers can tell many stories
simultaneously and the reader needs to understand which ones matter. Not all need to have
the capability to perform advanced data analysis, but the decision-makers should have a
certain level of understanding. (Harris et al. 2010) According Davenport (2014) in order to
make analytical decisions, one needs to understand the analytical process. As an example,
the decision-maker needs to recognize that all analytical models are built on assumptions,
understanding of which can be crucial to make correct decisions based on the model.

Therefore, even managers need to have a certain level of analytical capability, even if they
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do not create the models themselves. LaValle et al. (2011) see lack of understanding as one
of the key obstacles in leveraging analytics for business value. It is difficult to make analytics
based decisions if one does not understand what type of actions the analytics are proposing.
Once the data has been transformed into information and then knowledge, it is vital to
understand how the knowledge has been created so it can be finally turned in to valuable

business decisions, and actions.

2.3 How to Maximize the Value of Business Analytics

Many surveys have found that companies that invest in business analytics are gaining
competitive advantages and perform better than their peers. (Tyagi 2003, LaValle et al. 2011,
Kiron et al. 2014, ) Kiron et al. (2014) even describes analytic as “a common path to value”.
It seems that there is no denying the value creating ability of effectively used business
analytics. Sharma et al. (2014) argue however, that while there is evidence that investing in
business analytics can create competitive advantage, the notion that business analytics leads
to value needs some deeper analysis. They specify that the direct impact of business analytics
is likely to be on decision making processes of the company, and that the improvement in

the performance of the company are the outcome of the improved decision making processes.

Despite the extensive amount of analytics related literature published today and the long
tradition on the area, there is surprisingly little attention paid to the non-technical factors in
creating value with business analytics. Behavioural, organizational and strategic issues in
maximizing the business impact of analytics are not receiving much attention. The focus has
mainly been on how to get better data and better analytical models and tools for decision
making. Focusing on improvements in discrete decision making situations that business
analytics can enable, the focus on broader issues that facilitate an even bigger business

impact has been neglected.

According to Sharma et al. (2014) how decision-making processes and resource allocations
need to adjust to capture the full value of business analytics is of far greater importance than
the current literature implies. There seems to be an assumption in the current literature that
organizations can capture the value of business analytics while continuing to function as

before. Same assumptions have characterized the introduction of Enterprise Systems and
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Knowledge Management Systems as well. That organizations could capture the benefits,
without major organization structure and process changes. Later research has recognised the
criticality, or even necessity, of organizational and process adjustments to capture benefits
from these systems. (Markus and Tanis 2000; Markus 2004; Kankanhalli et al. 2011)

Wixom et al. (2013) emphasize two factors that maximize the value of business analytics
(figure 3). The first factor is speed to insight, which is concerned with how fast raw data is
transformed into usable insight. Practices that facilitate greater speed to insight are
automation, rapid identification of business requirements and reuse. First, automation, data
integration and on boarding processes can cut the time of data preparation significantly.
Second, agile development methods, such test environments and close co-operation with
business users help to identify business requirements more rapidly, and deliver the right
information faster. Third, approaches like data-as-a-service, or dashboard design catalogues
will make it possible for companies to reuse resources and get information to business users
more quickly. The second factor presented by Wixom et al. (2013) is pervasive use. By
increasing the adoption rate of business analytics, companies can gain better return on their
analytics investments. Wixom et al. (2013) present three drivers for companies to encourage
more pervasive use of analytics. Frist, the user interfaces should be visually appealing.
Companies should invest in proper dashboard design, because graphical visualization will
make it easier for the end user to perceive the information. Second, delivering business
analytics via mobile devices can also increase the adoption rate and increase productivity.
Therefore, companies should make analysis accessible also through mobile devices. Third,
companies can also promote user engagement through such practices as self-service

analytics and gamification.
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Figure 3. Factors that maximize the value of business analytics.

Also Hackathron (2004) promotes timeliness of insight as a driver of the business value

created by analytics. Hackathron’s (2004) value-time curve presented in figure 3 shows the

relationship between time from a business event to the responding action and the business

value that was created by it. This time from the event to action is known as action distance.

It can be split into three components: data latency, analysis latency and decision latency. Data

latency is the time required to capture, transform and store the needed data. Analysis latency is

the time required to analyse and report the data to the correct person. Decision latency is the time

required for the person to understand the situation, make the decision and implement it. Highest

possible value creation can be achieved by minimizing each latency.
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Figure 4. Action time curve

In practice, facilitating business analytics is carried out in collaboration of multiple parties
that are responsible for different aspects such as IT infrastructure, analysis skills and
business understanding. The use of business analytics is the most efficient when the special
characteristics of different applications and methods can combined. According to Schlafkte
et al. (2012) the combination of IT applications, management accounting applications and
analytical methods will lead to the most efficient use of business analytics. It is important to
understand the data when we are i.e. trying to identify causal relationships in the data. The
identified factors and connections in the data will be enriched with more advanced analytical
methods, and in reality, all this is possible because of the IT-applications.
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3. Business Intelligence Systems and Agile Development

Decision-makers in corporations have always utilized different information assets in the
decision-making process. In the past the needed information might have been difficult to
come by, but now the abundance of data has made the task of turning the high volume of
data in to knowledge the real challenge. (Olszak and Ziemba 2006) Many decision makers
know the information they need is somewhere in the company, but they just can find it. Thus
the decisions are made based on intuition and experience instead of data. According to
Rasmussen et al. (2002) even corporations that have corporate information applications lack
information needed for decision making for three simple reasons: The information in the
applications is unintegrated, there is no historical data available, and data is not easy to get
to even in the applications. According to Elbashir et al. (2011) Business Intelligence systems
are considered as an innovation that will make it possible for companies to leverage the data

that has been encapsulated in the enterprise systems

After organizations started to utilized computers and data processing also information
system began to develop that supported management activities, such as planning, analysis
and decision-making. Management Information Systems (MIS) of the 1960°s were able to
support management in routine management activities (Gorry and Morton 1971). Those
systems were later developed to corporate Decision Support Systems (DSS) that were
capable in supporting managers in unstructured decision-making tasks as well. Later in the
1980°s and 1990’s corporate information dashboards known as Executive Information
Systems (EIS) became popular. The purpose of the dashboard was to give the key figures
directly to the management in a simple user interface, without the need for assistants to write
or print the reports. (Rasmussen et al. 2002) The idea was visionary, but before modern data
warehousing and processing capabilities the solution was not practical. Current technology
was not able to handle the large amounts of data spread across different source systems,
which made the results incomplete and unreliable. In 1990’s and early 2000’s the
advancement in data storage and processing capabilities made Bl tools finally useful (Few
2013).

Business intelligence systems consist of a set of integrated tools and technologies that are
used to collect, integrate, analyse and make data available (Reinschmidt and Francoise 2000).
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Many studies, such as Ariav and Ginzberg (1985), Baars and Kemper (2008), Olszak and
Ziemba (2006) see that business intelligence systems consist of three main components that
are presented at figure 5. First a business intelligence system needs data, which is often
spread in heterogeneous systems. The bottom layer of the system is the data layer, which
consists of technologies that allow acquisition of data from various sources and storing it.
The most common data layer technologies are enterprise data warehouses and ETL-tools.
The second layer is the logic layer, which refers to technologies used for analysing the data.
Technologies that offer effective analysis include i.e. OLAP and data mining. They can be
used for descriptive analysis, such as discovering associations and exceptions, but also for
predictive analysis, such as regression and time series analysis. The third component is the
access layer, the business intelligence application which is used by the end user. This
component combines the two previous components with a visual presentation that makes the
data available for decision-makers to discover new insights. These three components all
consist of multiple technologies, which means that the actual architecture is more
complicated. In order to have a functional business intelligence architecture also tasks such
as metadata maintenance and data quality control need to be included (Reinschmidt, and
Francoise 2000).

Logic Layer Data Layer

OLAP, Data-mining Data warehouse, ETL

Figure 5. Business Intelligence system layers

Ong et al. (2011) have also introduced a multi-layer Bl architecture, that includes a data
source layer, ETL layer, data storage layer, end-user layer and metadata repository.
Presented in figure 6. Unlike others Ong et al. (2011) include OLAP, and data-mining to the

end-user layer, which illustrates the point that there is no common congruence between
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researchers about in which layers different technologies exist. In reality there are often no

clear boundaries between the layers,

implementations vary case by case.

but the technologies are

intertwined and

End-user Applications

Analytical Applications
Data Visualization
OLAP, Data Mining
Query and Reporting

Data Storage
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Data Mart

A

Data Mart

Data Mart

Metadata
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Data Sources
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ERP
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Figure 6. Multi-layered Bl architecture

It depends on the purpose and the technology used that which components are emphasized

in the business intelligence system. All of the technologies are quite easily misunderstood

due to imprecise definitions and marketing hype. To help understand the role of the

technologies Power (2001) has classified decision support systems to five categories based

on the dominant technology component, including communications-driven, data-driven,

document-driven, knowledge-driven and model-driven systems. Data-Driven decision
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support systems emphasize availability of data. Access to large databases with structured
internal and external data is the key. Model-driven decision support systems emphasize the
potential of using statistical models, optimization, and other methods, which parameters can
be modified by the decision-maker to help to analyse the situation. Knowledge-driven
systems are focusing on finding hidden insights by utilizing intelligence data-mining
methods. Document-driven system is a new type of system that uses unstructured data,
gathered from web pages including text, images, video and sounds. These systems
emphasize the possibility of searching information in the unstructured data.
Communications-driven systems are meant to help groups in collaboration, and information
sharing. The emphasis is on building an interactive system to facilitate problem solving and

decision-making.

When planning a business intelligence project a company needs to carefully consider what
is the purpose of the decision making support system. Design and implementation issues are
different for communications-driven, data-driven, document-driven, knowledge-driven and
model-driven systems. Since dominant technology component, target users and the primary
deployment technology vary based on the purpose of the system it has to be considered what
are the key issues that need to be solved. Model-driven systems primarily need to run the
correct mathematical and analytical models, but the importance of the deployment
technology is secondary. Conversely deployment technology is key for communications-
driven systems. Decision support systems with multiple user groups can have complex
deployment issues. Often the only possible deployment technology that allows collaboration
and coordination is a web-based architecture, especially if the system is inter-organizational.
(Power 2001)

3.1 Business Intelligence Technologies

Data has become an important asset for corporations, and at the same time managing the
increasing volume has become more and more difficult. (Chaki 2005) Business intelligence
systems are often mistaken for a pretty dashboard, but in fact Bl systems consist of tools and
technologies for extracting data from multiple sources; cleaning, transforming and

integrating the data; loading it into a database; periodically refreshing the database; and
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presenting the information to the front end of the system, which includes the dashboards
used by the consumer. Chaudhuri and Dayal (1997) describe the tools for extracting, loading
and storing as back end tools, and tools for querying and analysis as the front end client. The
technologies can also be divided into three sections based on the Bl infrastructure layers
presented in the previous chapter.

3.1.1 Data Infrastructure Technologies

Transactional business systems are not meant for storing large quantities of data. From
operational perspective, there is no benefit of storing a long history of transactions in the
source system, but it can actually decrease the performance of the system. (Rainardi 2008)
Operational data bases are meant for online transactional processing (OLTP), tasks that are
a part of the day-to-day operations of a business. Operational systems and databases need to
be able to execute repetitive, structured tasks which are usually isolated transactions. The
key is to perform a maximal amount of transactions with consistency and reliability.
Whereas the data in the transactional systems is used primarily for operational purposes, the
data in a data warehouse is used for decision-making. The primary difference between a
transactional data base and a data warehouse is the ability and capacity to store historical
data (Rainadi 2008). The data warehouse is specifically targeted for analysing historical,

summarized and consolidated data instead of isolated transactions.

Integration of data sources to a data warehouse requires three steps. First the required data
is extracted from a source system. Then the data is cleaned and transformed to desired format,
and finally loaded into the data warehouse. (J6rg and Dessloch 2009) This process is
commonly known as ETL (Extract, Transform, Load). The goal of the ETL process is to
transform data from legacy systems to a consistent format and load it to a data warehouse so
that it can be used for analysis. Previously the ETL scripts had to be hand coded, which made
development flexible, although the scripts were lengthy, difficult to document and change
afterwards. To avoid the overhead caused by these issues, also graphical ETL tools were
developed, that generate the code or function as engine-based tools. Especially the engine
based ETL tools improved the ease of building ETL processes, because of the graphical

interface. The shortcoming was the slowness of the row-by-row transformation of data
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thorough the engine, which although has improved with later generations. (Zode 2007)
However, as the ETL-process is the most time-consuming and complex part of a data

warehouse project, all supporting methods are welcome (Petrovic et al. 2016).

In addition to designing the ETL-process also the structure of the data warehouse itself needs
to be designed. Databases are generally structured as dimensional models, which store data
into two types of data tables. Measures and metrics such as monetary values, quantities and
KPIs are stored in fact tables, and descriptive fields such as department, product and unit of
measure in dimension tables. This structure makes the data easier to understand and queries
faster to perform. (Kimball 2013) Relational models are the most common design approach
for not only dimensional databases, but all database design (Foster and Godbole 2016).
Dimensional model implemented in relational database is known as star schema, for the star
shaped structure (Kimball 2013). An example of start schema is presented in figure 7. The
model withholds a single fact table, described by dimensions each of which are stored in
their own table. For better performance and easier business queries, the dimensional model
has also been implemented in multidimensional databases, which are referred to as OLAP
cubes, for Online Analytical Processing technology used to process the data, and their cube

shaped structure (Kimball 2013). An example of an OLAP cube is presented in figure 8.



29

Dimension
Dimension Dimension
Fact Table
Dimension Dimension

Figure 7. Snowflake data model

In addition to the relational model databases can also be structured in other more seldom
used models. The hierarchical model is one of the earliest models and stores data in a tree-
like structure, motivated by a common hierarchical organization structure (Jagadish et al.
1999). The network model is another early development, which has a similar three-like
structure. Whereas, in the hierarchical model each node has a single parent, in the network
model each node can have multiple parents. This makes a simple network model a more
complex version of the hierarchical model. Either of these models are not used in new
database implementations. (Foster and Godbole 2014). Object-oriented (OO) models are
more recent database structures, that have been developed in order to avoid the mismatch
between relational databases, and software applications, which are commonly programmed
as objects (Alagi¢ 2015). Whereas the relational model is based on entities by which the data
is stored, the OO data in models are stored based on objects. An object in an OO model can
be the same as an entity in a relational model, but an OO model object can also refer to in-
memory objects. These objects can be for example a combination of attributes from multiple

entities. (Ponniah 2003) Object based technology provides significant benefits when used
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with software application programming, but may not be as advantageous as database design
(Foster and Godbole 2014).

These data models are some of the most well-known, but there are also less used models and
a number of combinations that can be used to implement a data warehouse. Besides the data
warehouse there is a number of architectural alternatives enterprises can choose from. Often
enterprises want to build an integrated enterprise data warehouse that gathers data from all
areas of the enterprise, from customers, to assets and employees spanning also all
geographical areas. These projects can be long and complex, require extensive models and
take years to complete. Some enterprises are settling for a less complex solution known as
data mart. Data marts are departmental subsets focused on a certain subject area, for example
sales, or procurement. Data marts are faster to roll out, but might be difficult to integrate in
case a need for an enterprise-wide model raises afterwards. (Chaudhuri and Dayal 1997)
Another solution that has been increasing in popularity in the recent years is the data lake.
As organizations struggle to keep up with the increasing volume, velocity and variety of data
many have noticed that traditional data storage approaches are not able to cope. With
traditional methods no data can be loaded before a data model an transformation framework
have been build. This means that the data cannot be used before all data is in a structured
format. However, with today’s data volumes hardly all data is needed in structured format.
Data lakes sift the traditional schema-on-write to a schema-on-read, which means that the
transformation logic is created on an ad-hoc basis, for which ever purpose it is needed. When
the data is stored, it is tagged so the relevant data can be made available for analysis when
needed. Storing large amounts of data at low cost is made possible using technology known
as a distributed file system, which also allows quick and easy scalability. (Jacobsohn and
Delurey 2014)

3.1.2 Analytical Processing and Data-mining

The amount of data and number of databases in enterprise put pressure to develop analysis
and interpretation techniques of the gathered data. Technologies and tools of intelligent and
automatic data analysis eventually became a necessity to support business decision-making.

(Rostek 2010) Early data solutions in enterprises are passive in nature, thus the data is
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prepared for decision-making manually by analyst. More recent data solutions automate the
analytical tasks that occur frequently which have well defined procedures. Implementing the
analysis rules to an otherwise passive data warehouse mimics the work that an analyst does.
(Thalmmer et al. 2001)

The logic layer enables analysis of data and distribution of the relevant information. The
enabling analytical functionalities include Online analytical processing (OLAP), data mining,
interactive reporting, performance management and ad-hoc analysis. (Baars and Kemper
2008) Multidimensional and often hieratical data models are commonly used to facilitate
easy exploration of data. (Chaudhuri and Dayal 1997) OLAP first lined out by Codd et al.
(1993) is the technology that has made multidimensional data analysis accessable for
business users (Pedersen et al. 1999). Before relational databases and OLAP analysts had
to often aggregate data using spreadsheets and pivot tables. Spreadsheets are useful for two-
dimensional data, but when more dimensions are added, (i.e. time) they become unwieldy.
Pre-aggreagating the data with database processing along multiple dimensions helps analysts
gain insights trough a variety of views, without the need to do the aggregation themselves
(Sarawagi et al. 1998). Multidimensional data models group data as facts that are numerical
measures, and dimensions which are textual fields that charaztarize the facts (Pedersen and
Jensen 2001). Figure 8 illustrase the multidimensional data model known as a data cube. The
categorial attributes (dimensions) run along the sides of the cube, where as the numerical
attributes (measueres) are in the center. In figure 8 the data model has three dimensions,
product, country and date. These dimensions are associated with hierarchies that define the
aggregation level, the granularity of the data. An analyst exploring the data cube has some
simple operations at his disposal. Changing the level of aggregation in the hierarcy from
lower granularity to higher (i.e. from country to city) is known as a drill-down, and
aggreagting the detailed data back to higher granularity is known as a roll-up. The cube can
also be rotated to show a particular face. This operation is known as pivoting. The cube can
also be sliced to smaller subsets of the data. (Agrawal et al. 1997) The pre-aggregation makes
it easier to analyse the data, but in addition storing the data in a this structural format makes
standard business reporting more straightforward. Often business intelligence is only limited
by the data that is available. If a data warehouse can provide structured, timely and clean
data, generating valuable views of the business should be plain and easy. (Rasmussen et al.

2002) OLAP enables the creation of interactive reports accroding to the defined dimensions.
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It optimizes the searching large data bases, and allows complex business analysis. (Olszak
and Ziemba 2003)

& c
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Figure 8. A multidimensional data model for sales data

The analytical benefits of OLAP based logical models are apparent. The data originating
from the operational systems does not efficiently provide sufficient answers to business
problems (Codd 1993). Pre-processing the data based on business requirements provides
prepared data and analysis results in an understandable structure, thus significantly

increasing the effectiveness of business decision-making. (Rostek 2010)

Sometimes solving business problems requires data analysis that is too difficult for humans
to perform. This can be caused by volume of data or by lack of knowledge about what needs
to be found in the data. Data mining methods can be used to discover patterns and relations
in data. Automated data mining allows formulation of questions more abstrach than OLAP
technology and discovery of new knowledge in the data. (Rostek 2010) Data mining is an
important part of a process known as Knowledge Discovery in Databases (KDD), described
by Fayyad et al. (1996) as the process of identifying valid, potentially useful, and ultimately
understandable patterns in data. Data mining is a broad umbrealla term for a wide variety of
methods that can be used in different domains to gain knowledge from data. Fayyaad et a.l
(1996) classifies these methods to classification, regression, clustering, summarization,

dependency modeling, and change and deviation detection. These methods have two primary
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goals which are prediction and descripiton, and they can be used in two different scenarios.
When the objecive is to find an answer to a known question, or to search for new, useful

information without a predefined question. (Rostek 2010)

3.1.3 Business Intelligence Applications

The purpose of a Bl application is to deliver information to the consumer in a user friendly
format. Even if other layers of the Bl infrastructure were well designed the system can still
ineffective if the reporting layer does not deliver ease of use and present data in an intelligent
way (Hovis 2002). (Kocakoc Erdem 2010) Bl application provides access to the information
for the end user who can use the application to monitor, explore and analyse it. A common
way to monitor the information is a dashboard. (Few 2013) Corporate information
dashboards, are among the major information technology trends that have developed during
the past decade. When corporate dashboards were first developed they were known as
Executive Information Systems (EIS). As the name implies the systems were built for top
level executives to get a quick look at the most important KPI’s and metrics. BI dashboards
are becoming more common place as Bl technology spreads across the corporate landscape
and modern applications are designed to support decision-making in all management-levels
(Olszak and Ziemba 2006). Like any high-tech solution also Bl dashboards have been
wrapped in a lot of hype by business intelligence vendors, and the role and meaning of

dashboards is unclear for many companies (Few 2013).

Technology providers have varying definitions of a dashboard, but one of the most well
rounded ones comes from Few (2013): “A dashboard is a visual display of the most
important information needed to achieve on or more objectives that has been consolidated
on a single computer screen so it can be monitored at glance” Visual display refers to
emphasis of graphical presentation of data over text. The purpose of favouring graphics is to
communicate the information more efficiently and comprehensively. In a way that the user
can easily and accurately find the most important information. The content can be whatever
is needed to achieve a specific task, not only high level information for executives. This
content should all fit into a single screen, allowing it to be monitored at glance, without

scrolling. This usually also means that the dashboard provides an overview, not the full
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details. A dashboard must be able to quickly point out if something needs further attention,
and possibly actions. More detailed information should be available easily and seamlessly
by sifting to another view. Details can also be available by drilling-down in the same

dashboard. However, this is not the primary purpose of a dashboard. (Few 2013)

By definition dashboards are meant for monitoring and do not include exploration
capabilities. However, Bl applications should allow the end-user to explore and analyse data
beyond the predefined dashboards. (Few 2013) A Bl application is the interface where a user
is able to carry out the previously discussed multidimensional exploring operations. After
the dashboard overviews help to identify the issues that need detailed analysis the user can
drill-down to the details in another view of the same application and determine if actions or
more information is needed. This process is known as performance monitoring. Few (2013)

splits this process into four steps:

=

Update high-level situation awareness

N

Identify and focus on particular item that needs attention
a. Update awareness of this item in greater detail
b. Determine whether action is required

3. Ifactionis required, access additional information that is needed, if any, to determine
an appropriate response

4. Respond

The goal of this process is to monitor information in order to manage business performance.
According to Few (2013) performance monitoring is based on the idea that to maintain or
improve performance we need to be aware of the situation. Endsley (2000) sees that situation
awareness has three levels. Fist, a person needs to have a perception of elements in the
environment, then comprehension of the current situation, and last projection of future status.
Few (2013) argues that Bl dashboards should be designed to support situation awareness on
all of these levels.

3.1 Agile Business Intelligence

Countless business decisions are still not based on analytics. This is surely not because of a

lack of demand from decision makers. More often than not, the issue is the slow delivery of
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insights. The conventional enterprise business intelligence architecture is still the backbone
of business intelligence deployment, but there is a need to find alternative ways of delivering
solutions that are able to provide faster time to value. (Imhoff and White 2011) Agile
analytics, is a value-driven approach, which highest priority is early and continuous delivery
(Collier 2011).

The big data phenomenon, increased volume, variety and velocity of data, has changed the
business analytics and the ways information is used. This has also impacted the way business
analytics and business intelligence applications are developed. The main consumers of
business analytics are people whose jobs are not directly related to analytics, but use
analytical tools to improve business performance. Business intelligence systems and other
analytical applications are now becoming more accessible for business users, and being
better integrated with transactional systems. This closes the loop between operations and
analysis, resulting in faster analysis and quicker implementation of business actions. (Kohavi
et al. 2002) The increased complexity in data and more dynamic business environment
require faster, more dynamic, and more business oriented business intelligence development.
Collier (2012) calls for practices that can be tailored to fit each environment depending on
the dynamics of each project and organization. The principles of agile software development
were first outlined by Beck et al. (2001) and have also been applied for business intelligence.
The core ideas propose the development work to become less formal, customer focused, and

more dynamic.

Collier (2012) states that the agile style of development is foremost, iterative, incremental
and evolutionary. Instead of delivering the full solution at once, work is done in short
iterations. The iterations are generally one to three weeks and never more than four weeks.
The solution is built in small increments, each delivering a user-valued functionality. The
solution evolves according to frequent user feedback. This ensures that the development

work stays on the right track.

The goal of each iteration is to deliver value to the end user. While elegant models and
complex data architecture or efficient ETL-scripts might be appreciated by the developer,
the end user does not see any value in them. (Collier 2011) Access to, and presentation of

information that helps solve business problems or make better decisions is in the interest of
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business users. This is what every iteration must deliver business value. A model of the steps

included in one iteration is presented in figure 9.

Scope

e .

Release Prototype

\ /

Build User Review

Figure 9. Development iteration steps (Desarra 2012)

In the traditional waterfall approach the testing and validation is made at the end of the
development process, before delivery to the end user. Since agile is an iterative style of
development, testing needs be a part of each iteration. Collier (2012) emphasizes including
“rigorous testing early and continuously” in the development process. This ensures high
production quality. The idea is to deliver working user features, not to produce hollow
prototypes. A user feature is done when it is production ready and fully integrated into the

working system.

29

“The only way to be truly Agile is to automate as many routine processes as possible
(Collier 2011). When routine tasks are automated the developers have more time to focus on
delivering user valued features. Hence, truly agile teams seek to automate everything that is

done more than once. Collier (2012) suggests testing as a critical routine process that should
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not be done manually. Automated testing enables building new features frequently, always

knowing how much time is needed for validating that everything is working properly.

In traditional project work the burden of ensuring that timelines and budgets are met falls
too often solely on the development team. Agile methods seek for deeper collaboration
between the development team and its stakeholders, and also acknowledges that the
responsibility for success is shared. (Collier 2011) Agile project managers role is to hire the
best people, give them the tools they need, then step aside and allow them to be successful.
Project management is focused on facilitating a high degree of collaboration between the
development team and a broader project community. The development is made in a self-
organizing and self-managing team that decides itself what is made during each iteration,

and holds itself accountable for reaching the goals. (Collier 2011)

The difference between agile analytics and a traditional development process is presented in
figure 10. The upper line represents a traditional development process that is done in
collaboration with the IT department. This approach is commonly referred to as the waterfall
approach, because of the shape it takes in the graph. The process starts with the analyst and
the business users laying down the requirements for the desired solution. The IT department
does the development work, and testing. At this point nothing has been delivered to the end
users (Y axis: remaining work to be delivered) which means there has been no business value
created, and no feedback from the end users. Also all of the problems are raised by the end
users after the solution has been finalized and is delivered to them. The solution is now build
based on the requirements set in the beginning of the project. However, It is difficult to set
the requirements, especially in today’s big data environment. There are significant risks
involved in the design phase when the requirements and the scope are defined. Unclear
requirements, lack of understanding how the data is created and used, understanding the
source systems constrains and unknown data quality are common obstacles in development
projects. Deshpande and Desai (2015) add that learning and new discoveries can alter the
project requirements, scope and priorities during the projects. At the point of delivery it
might be difficult to make adjustments to the solution even when the business requirements
are likely to change during the timely development process. According to Deshpande and
Desai (2015) changing requirements and the difficulty to evolving them is constantly
stressed as a major issue in data warehousing projects. Even when the requirements are well

defined and the solution delivered perfectly according to the requirements, what was



38

considered ideal at the time of building the solution will change and the solution will need
to be modified. This is clearly not the fault of the end users, but simply the nature of the
dynamic business environment. Therefore, delivering the perfect solution cannot be
considered a success unless required flexibility is also build in. (Bruni 2011) The
aforementioned problems make the traditional waterfall development approach also prone

to create lack of trust between the IT department and business stakeholders.

Develgpmen

Undelivered Work

Time

Figure 10. Traditional Bl development vs. Agile Bl (Lavastorm 2016)

The agile approach (the lower line in figure 10) seeks to deliver business value already in an
early phase. Since the whole process is designed to be flexible and changes in the
requirements are expected the process does not aim to deliver the whole solution as a big
bang, but starts by asking what is the smallest, simplest thing we can do that creates business

value. The development is then continued step by step, in small increments, each of which
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bring business value and raise new questions or problems. The agile approach is focusing on
delivering business value early, but also continuously thorough out the development
lifecycle. The solution will evolve after each step, based on the frequent user feedback.
Collier (2011) emphasizes agile analytics as an iterative, incremental and evolutionary
process. Collier (2011) compares the agile development process to driving around in an
unfamiliar city. You want to avoid driving too far without checking that you are on the right
path. In agile analytics, the short iterations and close collaboration with the users ensure that
the development stays on the right course. Yeoh and Koronios (2010) agree that the
incremental approach makes managing risks easier and that it delivers measurable results
that are visible to the client. Yeoh and Koronios (2010) also add that it improves the clients
ability to take ownership of the solution, ease the transfer of knowledge and makes change

management more efficient.

Muntean and Surcel (2013) propose a simple agile business intelligence framework that
includes agile information structure, agile development, and agile business analytics. They
argue that an agile business intelligence solution requires these three components in order to
provide accurate information in the right format to the right person at the right time. Again
the motivation is to build a business analytics model that is able to answer the rapidly
changing business environment. Muntean and Surcel (2013) acknowledge the same issues
with the traditional waterfall development approach and propose agile development methods
that is very similar to other suggestions. In their framework, an agile information
infrastructure is the basis of an agile business intelligence solution, the bottom layer, on top
of which an agile analytical layer is built on. According to Muntean and Surcel (2013) the
key in the agile information infrastructure is the ability to react to changing business
requirements. It needs to extract and combine data from all data sources, external and internal,
in any format. The proposed approach is data virtualization, to stop pre-transforming and
pre-aggregating data and take care of these tasks on-demand. The data would be brought to
the analytical layer thorough business views that integrate the data from different sources,
while the source data remains in the original systems. The role of the agile analytical layer
then would be to process the data using in-memory techniques, eliminating the need to pre-
calculate in OLAP cubes or relational databases. The main benefits of the in-memory
business intelligence solutions are quicker deployment, lower costs and ease of use for the
end users. The solutions will also include advanced visualization features, such as drill-down

capability and interactive dashboards. The agile analytical tools also support the agile
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development process, allowing the business intelligence users to become less dependent on

IT and become more agile trough the self-service solutions.

3.3 Self-service Business Intelligence

Business intelligence has a well-established business case and it has rooted itself into the
daily operations of most companies (Gibson et al. 2004). However, Imhoff and White (2011)
survey discovered that 78 % of business professionals need a faster time to value from
business intelligence and analytics. This result builds the case for more agile approaches to
facilitate business intelligence. One way to get faster time to value is to enable users to access
data sets, queries and reports themselves, without any IT intervention. Relying heavily on
the IT centric business intelligence support model is not sustainable anymore. IT
departments cannot keep up with the frequently changing business requirements. According
to Evelson (2011) Companies where IT addresses more than 20 % of business intelligence
related requirements will see a snowball of a growing backlog of business intelligence
requests. Enterprise IT systems, such as ERS and CRM systems can have a life cycle of
several years, whereas a business intelligence application delivered in the morning, can be

outdated in the afternoon.

The conventional waterfall development approach is not well suited for a majority of
business intelligence applications. The real requirements often arise only after the end users
sees something she can touch and play with. For most business intelligence applications the
requirements that need to be addressed cannot simply be defined beforehand, since there is
no way of knowing what type of analysis is needed tomorrow. This is why the user needs to
be a major contributor in the development, and be enabled to adjust the application by herself.

One of the enablers of more efficient and more agile business intelligence environment is to
enable users to become more independent, self-reliant and less dependent on the help of the
IT department. An Imhoff and White (2011) study on self-service business intelligence lays
out the following four focus points for facilitating an end user empowering business

intelligence environment. (Imhoff and White 2011)

e Make it easy to access source data
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e Make DW solutions fast to deploy and easy to manage
e Make BI tools easy to use

e Make BI results easy to consume and enhance

If you cannot access data nothing else really matters. You cannot make bricks without clay
and you cannot do analytics without data. Data warehouse is the conventional IT-created
business intelligence system component that enables users to access the needed data. In the
self-service approach the all accessible data does not need to be in a data warehouse. Users
should be provided the means to access external, operational and other data that is not in the
data warehouse. (Imhoff and White 2011)

Self-service business intelligence calls for alternative deployment methods for data
warehousing solutions such as agile methodology, SaaS solutions and cloud. There is no
need to build an enterprise architecture, but business units can deploy their own self-service
applications. User satisfaction is bound to increase when business users get a solution
tailored to their own requirements, and the new technologies offer reduced costs as well as

improved time to value. (Imhoff and White 2011)

One significant factor in the successful implementation of self-service business intelligence
environment is the ease of using the applications. Fortunately business intelligence providers
have focused on user friendliness for years. Reporting and simple analysis has been made
quick and straight forward by the user friendly interfaces. The applications still need to meet
the needs of more sophisticated analytics in order to fully achieve self-service. (Imhoff and
White 2011)

Users have to have the ability to understand what the information presented to them means
and how it is created. To promote adaptation self-service business intelligence must be easy
to consume. The environment must be one where access, discovering and sharing reports,
information and analytics has been made easy. This point is probably the most important one

from the business users point of view. (Imhoff and White 2011)
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3.4 Agile Data Integration

Decision support systems were built for supporting long term decisions in non-volatile
environment, and are now facing demand to respect the increased market dynamics and
frequently changing environment. Developing and maintaining new agile business
intelligence systems poses huge challenges for IT organizations. The current business
intelligence architectures in use are not fully applicable for modern agile ways of working,
and agile development methods. They are rigid and inflexible and often unsuitable for
readjustments, and in order for agile business intelligence systems to be created, the whole

architecture must become more agile. (Knabke and Olbrich 2011)

As business requirements for analytics have evolved and density and velocity of data has
increased the need for efficient ETL-processes and data integration has grown significantly
(Theodorou et al. 2014). Many studies, such as Wixom et al. (2013), Muntean and Surcel
(2013) promote agility as a driver to maximize the value of business analytics. However,
according to Zaghloul et al. (2013) involvement of the IT department in business analytics
not only increases costs, but also time delay. To achieve agile business analytics, business
users need to have access to all data required to generate business analytics, with minimum

involvement of the IT department.

The enterprise data warehouse is built for large scale, centralized, IT driven data modelling
that can provide data for hundreds or thousands of users. A data warehouses can provide
clean, structured data for frequent use, but require extensive amounts of time and money to
build and maintain. The development of an ETL-process is the most expensive, time-
consuming and complex part of a data warehouse project. (Petrovic et al. 2016). Companies
are looking for more flexible and cost efficient ways of making their data available for
business analytics and in recent years there have been alternative solution introduced for the
enterprise data warehouse. Before an increase in computing power, the introduction of cloud
computing and decrease in RAM memory costs, a centralized ETL-process and disk data
storage was the best practice to prepare large amounts of business data for analysis. Today
data integration and transformation can also take place in many different ways, in the cloud

or in-memory.
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When the user group of the business intelligence solution is limited, there is no need for a
large scale enterprise data warehouse to facilitate the business intelligence application. In
these cases the ETL-process can be made on on-demand fashion using tools that connect
directly to source systems. Modern ETL-tools are able to acquire data directly from a wide
variety source systems allowing business analysts far quicker access to data by eliminating
the need to build an over-arching data solution. Once the needed data is loaded from the
sources it is stored in RAM memory to avoid time consuming hard disk queries and allow
faster processing (Garcia-Molina & Salem 1992). In-memory processing is presented in
figure 11. The queries to the disk storage are carried out only once after which the data is
processed in RAM memory. Winter et al. (2011) have discovered that application of in-
memory technology can have a significant impact on how IT systems are used. It can turn

static decision making into dynamic iterative analysis.

In-memory Processing
Data Warehouse Initial Load
Work Flow
ERP System Initial Load U/ O
Web Service Initial Load

Figure 11. In-memory processing

Using an agile ETL-tool makes the integration of heterogeneous IT systems, and also other
sources like spreadsheets and delimited files significantly more straight forward. There is no

need to build a model to integrate whole data sets, but only the tables and columns that are
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need. (Lavastorm 2014) When there is no integrated database available business analysts
have traditionally had to rely on manual data preparation tools, such as spreadsheets, which
require analysts to do a lot of manual work in order to build analytical datasets. This is a
time consuming and unreliable way of working. Tools like spreadsheets are simply not
robust enough to handle the data integration challenges and the amount of data and ad-hoc

request of today’s dynamic environment. (Alteryx 2015)

When data integration is carried out on-demand, the methods that are used need to be
straightforward and quick to deploy. One of such method that has been gaining attention
among practitioners is data blending. By definition data blending is simply the process of
combining data from multiple sources to an actionable dataset for business decision making
(Alteryx 2015). It allows the user to combine data from heterogeneous sources without any
effort from IT to build a data integration architecture. According to Morton et al. (2012) this
is exactly the novelty of data blending. The entire architecture supporting the data integration
process is built on-demand and is adapt to evolving business requirements. Data blending is
especially accustom to an agile approach as its key benefit is flexibility. The user has the
freedom to control how the data is integrated and make changes on-the-fly (Morton et al.
2012).

In data blending the data tables from the secondary data sources are joined to the primary
data source table based on the user defined keys. Using a single dataset makes the data model
simple and easy to understand. The user can include only the data that is needed, which
makes analysis of the data more straightforward. Since the process is simple, adding more
data or modifying the model later on is not an issue. It is efficient to select only the required
part of the data to a flexible dataset for analysis when data amounts are large, and in
heterogeneous sources that could not be integrated to a data base without a substantial effort.
A common data integration problem with heterogeneous data sources is granularity of data.
With data blending these types of aggregation issues can be solved as they emerge, one table
at a time. This makes integrating heterogeneous data much more efficient. After blending
the created data set will be in the form of a flat data model. Compared to a common relational
data base or the multidimensional model for OLAP presented above, the flat model is much
more simple. In order to access or modify the data, the whole data set has to be read into

memory. This makes creation of large data sets with data blending inefficient. Therefore,
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data blending is not a scalable solution for building large data bases, but is effective in

tackling specific, small scale integration challenges. (Morton et al. 2012)
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4. Empirical Study

The empirical research process is carried out in three phases. These phases and the actions
that were taken during them are presented in figure 12. The research process started with a
data collection period, during which qualitative data regarding the case was gathered while
actively reflecting on the theoretical framework to identify important findings. The
qualitative data includes observation findings made during an observation period, as well as
documentation of current reporting content, practices and IT system infrastructure. In the
next phase this information was used to define the Bl requirements of the case company.
The requirements include both content related requirements and requirements related to the
Bl solution. In the last phase the Bl solution was developed based on the requirements that
were defined earlier. This phase began by planning the development work and discovering
possible data sources and limitations in the data. Theoretical literature was also heavily
utilized in the planning phase. After the initial plans had been drawn up the actual

development work was carried that tested the agile methodologies in action.

Requirement

Definiton Development

Data Collection

Business Intelligence
Requirements

Observations Data Discovery and
Documentation Development Plan

Development Iterations

Analysis Content
Requirements

% Theoretical Framework %

“

Figure 12. Research process

Because the observations were made during an extended period of time the reliability of the
study is not threatened by participant error nor bias. If the data was gathered with a single
interview or questionnaire the threat of getting unreliable data would be higher. The possible

variation in the data provided by the subjects is balanced by the extended observation period
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and the diversity of different situations when data is collected. The threat posed to the
reliability of the study by the researcher is higher. The main threat to the reliability of this
observation study is observer bias. The fact that it is not possible for the observer to fully
detach himself from his own perceptions that impact interpretation cannot be avoided. In
order to control observer bias all conclusions made during the data collection were

thoroughly scrutinized.

There are no significant threats to the internal validity of the study. The ecological validity
of the study is high, meaning that the findings should be well valid in this particular context.
Especially considering the extensive time period of the study. However, the external validity
of the findings should be considered more thoroughly. To extent to which the result are
generalizable to other research settings is difficult to estimate. The findings can be assumed
to be applicable to settings that share the main characteristics of this case.

4.1 Case Context

The case company is a large global manufacturing company. The company is involved in
multiple different business areas some of which are further divided into business units. The
company structure is fairly complex, which complicates enterprise wide reporting. It is also
common in the company for different business units to use separate IT systems and not build
enterprise wide systems. This approach has its benefits on operational level, but surely makes
group wide analysis more problematic. Until recently the company has focused on
descriptive reporting, but is now pushing towards more analytical decision-making and
implementation of predictive analysis. This new way of working means that the reporting
requirements are bound to change frequently as they are still finding their place. These three
characteristics of the company: complex business structure, heterogeneous IT infrastructure,
and frequently changing requirements form the unit of analysis of the case study, the results
of which are applicable to similar contexts. Next these characteristics of the case company

will be viewed in more detail.

The first characteristic is the case company’s hierarchical business area structure, and there
are few additional factors that make this case environment problematic from a reporting

perspective. The businesses conduct intercompany trade, which complicates consolidation



of data to a higher level in the entity hierarchy. Number of production units operated by a
business unit ranges from few units to tens of units and operations in some production units
are split between multiple business unit. These issues will need to be considered carefully
when building systems for enterprise wide reporting and analysis. However, the BI
infrastructure should not be made too complex and difficult to adjust, since business

structures are bound to change from time to time.

The second interesting characteristic of the case environment is the heterogeneousity of the
IT-infrastructure. The needed data for variable cost analysis is not available in a centralized
system or a database. The data lies silos of each business’s systems, and a number different
systems needs to be integrated to get an enterprise-wide view. The case company’s IT
infrastructure is outlined in figure 13. Naturally, enterprise-wide financial accounting

systems are in place, but integrating the other required data sources will be a challenge.
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Figure 13. IT infrastructure of the case company
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The third characteristic of this case are frequently changing requirements. As concepts
business analytics and business intelligence are not new, but the methods and technologies
are developing rapidly, which leads to changes in infrastructure. Operating in a dynamic
business environment also puts pressure on companies to come up with new sources of
competitive advantage. As a result companies are constantly testing and developing new
ways to utilize information assets in steering of the business. The Bl infrastructure needs to
be flexible enough to allow the implementation of the new ideas, and also adjustment of

previously implemented structures.

The combination of these three characteristics makes the case company interesting for Bl
research, but there surely is a multitude of companies that share these three features, or some

of them, thus extending the applicability of the results to beyond the case company.

4.3 Case Company Requirements

The data collection was carried out during a period of 12 months, from the beginning of
April 2016 until the end of March 2017. The data was collected by participant observation
as a part of an analyst team in the case company. Observations are based on the daily tasks
of the analysts, reporting development projects and by participating in meetings and
workshops. In addition to the observations, documentation of current reporting practices
were reviewed to understand how reporting and analysis is currently conducted. These
documents include spreadsheets used by the analysts as well as documentation of IT
infrastructure and data content in different systems. The following findings were made based

on the collected data, which then were used to form the requirements of the case company.

4.3.1 Business Intelligence Infrastructure Requirements

By following the daily tasks of analyst it became clear quite early in the observation period
that a lot of time and effort went to manual data preparation. As the data collection proceeded
it also became apparent that this was limiting value creation of business analysis. Since

transforming data for descriptive analysis required so much time and effort, there was no
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time left for more value adding predictive, or prescriptive analysis. Based on reflection with
literature two causes for the excessive amount of manual data preparation were identified:
Lack of automation, and lack of reuse. A lot of analysis is done in spreadsheets using data
extracted from ERP systems and other sources. In many cases most of the reporting logic
could be automated and manual work reduced by better utilization of Bl tools. The lack of
reuse is largely connected to the lack of automation. Automating reporting logic would
require standardization, which would lead to better reusability of standardized data and
reporting logic. Manually managed spreadsheets are difficult to reuse for other purposes
since they are usually in a non-standard format, but automated ETL scripts can be more
easily reused to reduce manual work in other reporting processes than what they were
originally developed for. If time consuming manual work was reduced time to insight would
also be shorter, which would improve ability to respond to business requirements. Increasing
automation and standardization would also improve data quality, which would increase
readiness to engage in predictive and prescriptive analysis that might require large quantities
of high quality data. One of the major contributors to the amount of manual work is the lack
of integration between source systems. Whenever analysis is carried out that requires data
from multiple sources the data needs to be manually transformed in a spreadsheet. Therefore,
developing automated ETL-processes to integrate data from different systems would be
especially beneficial. However, considering the complex and heterogeneous IT
infrastructure of the case company, building and enterprise data warehouse could be costly

and difficult, and more flexible solution would be needed.

For the most part reporting to the end users is static. Analysts prepare the data, conduct the
analysis and provide the results to business users in a static format. The business users are
commonly unable to explore the data themselves. This is the process for most of the reporting,
but there are exceptions. The company does have Bl systems for a specific subject areas that
are fully integrated in to source systems and allow the business users to drill-down, pivot,
and slide-and-dice the data themselves. However, these systems are costly and time
consuming to develop. There is clearly a need to find ways to develop systems that provide
dynamic functionalities to the business users with lower costs and better flexibility.

There were four major findings made based on the collected empirical evidence. First, Bl
technology could be utilized more effectively. Amount of manual work is excessive and

could be reduced by proper use of Bl technologies. Second, data preparation and analysis
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could be more standardized. This would increase efficiency through reuse and scalability.
Third, when BI technology is used the systems are expensive, slow to develop and difficult
to modify. Fourth, in most cases reports are static and user engagement is minimal, which
limits pervasive use of the analysis. By reviewing related literature solutions were identified
that can increase the value creation of business analysis in the case company.

4.3.2. Content Requirements

Variable costs are the product of two components, price and consumption. These
components, and drivers that impact them are outlined in figure 14. This so called Variable
cost bridge — model was created to understand the content needs of the analysis which is
being developed. The model connects the different factors that determine variable costs, and
in the end, impact profitability. Market prices of the raw materials are determined by supply
and demand in the global commodity markets. The market price has an impact on the
purchase price of the manufacturing company, but often the prices are not the same, or do
not change in the same proportion and time. The purchase price is also affected by currency
rates, and the firm’s own actions, such as sourcing strategy. The purchase price then forms
variable costs in combination with consumption. In addition to price related drivers there are
also multiple factors that impact consumption. These drivers are related to the manufacturing
process, including efficiency and vyield and the decisions on which products are
manufactured. In the combination of all of these factors results in the EBIT impact of

variable costs.
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Figure 14. Illustration of the Variable Cost Bridge
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The objective of the developed reporting is to provide transparency to the components of the

variable cost bridge without sacrificing the agility of the system. Finding the balance

between content and agility means estimating the feasibility of how much content is included

and in what level of detail. The content should respond to business requirements, but not

make the reporting logic too complicated so that it can be adjusted when the requirements

change.

Many components of the variable cost bridge are included in different reporting solutions in

different levels of the company’s businesses. In the case of higher level enterprise-wide

reporting all components are not of equal importance. The main priority of this variable cost

analysis is to separate the market driven change in variable costs, from the impact of the

company’s own actions.
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5. Development Process

This chapter outlines the development project that was carried out to test the chosen methods
and technologies in action. The development process started with a comparison of the case
company’s requirements and development methods and technologies suggested by the
related literature. Fist, the decisions about how the project should be managed and what
technologies and tools would help to reach the objectives the case company. Second, data
discovery was conducted to map the data sources, data content, and limitations. The
technological selections were also verified to fit the discovered data sources and data. Last,

a plan for the development was outlined.

5.2 Development Plan and Data Discovery

The main requirements of the case company regarding the BI infrastructure were agility,
automation, reusability, improved data integration and more dynamic reporting. Iterative
development, self-service, in-memory technology and data-blending were identified as the
agile methods and technologies that would help to fulfill these requirements.

Based on empirical findings and the related literature it seemed very unlikely that developing
the BI infrastructure based on traditional methods and technologies would reach the
objective of this study. The case company had developed data warehousing solutions before
and learned that these projects can be difficult to complete in time, and in budget. This view
was also supported by literature. The fact that the variable cost report requires integration of
multiple data sources supported the decision not to build a complicated data model and ETL-
process. It was clear that the solution needed an agile data infrastructure. Therefore, data
integration was carried out using in-memory technology that allows agile data integration.
In order to limit costs and lead time of the project the integration was developed using a
graph based ETL engine that allowed development to be done as self-service. Also the
analysis application needed to be capable to handle frequently changing business
requirements. The BI application was chosen based on self-service capabilities, so that
making changes to the dashboards would be flexible and effortless. Because of the focus on

agility and self-service the development work could be carried out with minimal IT
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involvement. The development was conducted in iterative fashion, typical for agile
development, to enable flexibility during the project. This approach also ensured that the

solution delivered value to the end users.

The objective of the developed reporting is to provide transparency to the components of the
variable cost bridge without sacrificing the agility of the system. Finding the balance
between content and agility means estimating the feasibility of what content is included and
in what level of detail. Including all possible data content at high level of detail will likely
make the system unnecessarily complex without providing added benefit over less content

and more flexible system.

The most important data source for the report is a financial management system used for
management accounting. The system includes the data which is used in monitoring financial
measures including variable costs. Therefore, this will be the primary data source used for

variable cost reporting.

Multiple other data sources were also needed in order to fulfill the content requirements of
the case company. Market price data was loaded from three different sources. These include
two different market data vendors, as well as data that is manually gathered from sources
that cannot be accessed as a database. The case company uses some specialized materials,
which market prices are not easily available and therefore to gather all the needed
information multiple sources were needed. Many of the materials have different market
prices for different product qualities, continents, delivery terms et cetera. Identifying the

correct market prices required expertise and was done in collaboration with end-users.

The own impact of the case company is estimated based on the cost impact of savings
projects. The projects are monitored in a savings project managements system. Without this
centralized way of monitoring the impact of cost saving actions the estimation of the case
company’s own impact would be very difficult. The savings project managements system is
not easy to integrate to the other data sources, but this is outweighed by the benefit of having

the data as an external input, and no need to build any calculation logic.

Consumption related data can be found in multiple different sources in the case company.
The sources vary on the level of detail and data content. Raw material consumption for the
largest business areas can be found in a data warehouse, and consumption data for other

business areas is available in each businesses ERP system. Some high level consumption
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data is also available in the financial management system. Accessing these data sources is
easy. However, the drivers behind consumption changes require more data to monitor.
Measuring the impact of yield, product mix and efficiency on consumption could be done
by including data from the case company’s production systems. However, these systems are
highly customized and difficult to integrate to other sources without specialized knowledge
of the systems. The integration of these systems would require heavy involvement of IT and
possibly consulting as well. This would increase the costs and time of the project
significantly. Therefore, the consumption drivers are excluded from the content scope of the

project at this point.

Most of the identified data sources are easy to connect to with the ETL-tool. The data in the
sources is high quality and therefore no special attention needs to be given to cleaning of the
data. The dimensions in the data can be different and some assumptions will have to be
applied to the transformation process in order to integrate the data sources. The raw data of
the financial management system is fairly complex and some time needed to be put in order
to build understanding of the data structure. Also the raw consumption data in the data
warehouse and ERP systems required understanding that had to be gained.

The actual development was made in iterations so that the process will be flexible if business
requirements change during the process. Also each iteration will provide the users with
valuable additions to the reporting. The iterations will be split by data source. In the first
iteration the only data source that will be needed is the financial management system. The
second iteration will focus on enriching the financial data with market price data. Next,
savings data will be added, and in the last iteration consumption data will be included to the
solution. During each iteration new content was provided for the end users. The content was
tested and verified by the end-users and feedback was given. To promote reuse the
development process was designed so that each iteration provided a new module to the ETL-

process. These modules can be later reused in different purposes.

Documentation of the plan and business requirements was done in agile, minimalistic
fashion. The goal was to minimize ceremonial bureaucracy. A rough plan of the final
application and data integration plan for each iteration was documented, but no detailed plan
was produced before the start of development work since the details were assumed to change

during the project. This documentation practice allowed keeping the documentation up to
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date without considerable effort, and made it easier to focus on creating business value. A

high level chart of the planned architecture is presented in figure 15.
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Figure 15. Planned BI architecture

5.4. Development Iterations

In this section the work done during each development iteration is presented. The purpose

of these chapters is to provide the reader information which can be used to assess the project

in which the methods and technologies where tested in, what type of challenges where

included and what kind of analytical logic was implemented. By using this information the

reader is able to have a clear understanding of the requirements of conducting group level

business analysis in the case environment and what challenges do the used methods and

technologies resolve.
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5.4.1 Group Variable Costs

In the beginning of the development process focus was on implementing the automated data
preparation process and dynamic reporting platform. In this phase the only data source was
the financial management system which data will be enriched in the subsequent iterations.
The goal of the first iteration was to create value by providing the end user with a more
advanced reporting platform and by releasing time from the analysts by implementing an

automated reporting process.

The raw data from the financial management system had not been used before in an external
reporting platform and majority of the time and effort in the first iteration went to building
understanding of the data and planning what kind of steps were needed to prepare it to the
reporting layer. To keep the reporting layer as simple as possible most of the metrics needed
in the reporting were calculated before the data was loaded into the application. There were
no issues in the data extraction from the financial management systems database. The data
was extracted to the ETL-tool by an SQL query and the actual data preparation was done in-
memory of the tool. The raw data in the financial management system was over 3,7 million
records. Including three years of historical data. This is one of the reasons why the analysis
would be rather difficult to do in a spreadsheet, and more advanced Bl system is required.
The scope of the first iteration did not require all of the data records and therefore the data
was filtered down to only the required entities and accounts. Rigorous testing was made
thorough out the development process to make sure filters applied in the ETL-tool did not
exclude any needed data, or include anything unnecessary that would result in incorrect

outcomes in the reporting layer when the data is aggregated.

In the case company variable costs are commonly measured as costs per production volume.
Both variable costs and production volumes (delivery volume for delivery costs) are
included in the data, which allows reporting variable costs per volume. In addition to the
changes and development in variable cost, there are two metrics calculated before the

reporting layer.

Unit Cost Change measures the change in variable costs versus the comparison period

without taking changes in production volume into account. It is calculated as:

c Cn—
Unit Cost Change = (—n - 2l
Pn Pn-1

) X Pn-1
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where, c is variable cost and p is production volume.

Volume Impact measures the impact of production volume change versus the comparison

period. It is calculated as:

Cn—1

Volume Impact = (pp, — Pn_1) X
n-1

where, c is variable cost and p is production volume.

The case company is a group of several different business areas which are further divided
into business units and production units. The entity hierarchy is not consistent, but some
units can be split to product categories whereas some to production lines. This makes the
entity and account hierarchies of the financial data rather complicated. There has also been
changes in the organizational structure that need to be accounted for as well as new and
closed production units. The business units also do intercompany trade which needs to be

eliminated when the costs are aggregated to higher level of the hierarchy.

5.4.2 Market Data

After the initial implementation of the Bl infrastructure and reporting process, the second
increment is focused on enriching the financial data with market related information. The
internal data is integrated with external market data coming from three new sources. The
data extracted from the sources includes market prices for raw materials and feedstocks, as
well as currency exchange rates. Also currency exchange rate cost impact, which is
calculated in the financial management system, is now included in the data that is extracted
from that database. These datasets will provide the company with better visibility on what
kind of impact is the supply market having on their variable costs. The information can be
used to monitor the company’s sourcing performance, as well as make strategic decisions
regarding the future. However, the data integration is not very straightforward. There are
significant limitations that needed to be considered when integrating internal and high level
financial data, with external and detailed market data.

Two of the market data sources are data bases which data is purchased from external data

vendors and the third source is a flat file which includes price data that is not available in



59

any database. Data provided by the first market data vendor is currently loaded to the
company’s market intelligence database as a monthly process. Accessing this information
required some assistance to from the company’s IT department, to identify the correct tables
and fields in the database. Actual development work was rather effortless and was done
completely as self-service. The market data from the market intelligence database also
includes currency exchange rates. The data provided by the second market data vendor is
not loaded to the company’s market intelligence database, but can be accessed as a web
service in the vendors database. Accessing and developing the data integration to the second

market data source was done as self-service from start to finish.

The supply market is one of the major drivers impacting the company’s variable costs and
therefore market impact is an important metric. Estimating the market impact however is not
easy. A completely accurate estimate for market impact is impossible to produce, because
there are so many factors that would have to be considered. The chosen calculation is easy
to understand and implement. It provides a high level estimate of the impact, and a more
advanced calculation can be implemented later when there is more understanding of how the
impact could be measured more accurately. At this point market impact is measured as:

_mn

Market Impact = % (¢ — Cpyoq)

n—1
where, c is variable cost and m is production volume.

Changes in currency exchange can also have a significant impact on variable costs. Currency
Impact measures the impact of changes in currency exchange rates versus the comparison
period. This is the only metric used that is calculated in the financial management system
and is already included in the data that is extracted from the database. Currency impact is

calculated as:

Currency Impact = M X (€p — Cp1)
n-—1

where, c is variable cost and f is foreign exchange rate.

For most cost categories the foreign exchange rate is the exchange rate between the local
currency where the unit is located and the case company’s home currency. One of the major
cost categories has its own calculation where the local currency is replaced by US Dollar
since that is the currency which is used to measure the value of this raw material globally.
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Integrating the financial data and market data had two major limitations. Firstly, the case
company purchases thousands of different materials. It is not possible to estimate the impact
for all, and many of them do not even have a market price. The market prices can also be
very different based on quality of the material or geographical area. Secondly, the financial
data, which is used primarily for accounting purposes, is low granularity data including cost
groups, and no information on individual materials. Therefore, it is not possible to find
matching market prices for each cost category. Multiple prices are required per category,

and knowing which ones requires expertise.

Solving these two issues required close co-operation with the businesses and sourcing
managers who are familiar with the raw materials and cost structures of the company. The
market prices that are equivalent to what the company’s raw materials where chosen, and
combined with the corresponding cost categories. The solution was also developed to allow
changing market prices as the requirements change. This flexibility will be needed if the

market data vendors are changed, or the company’s cost structure changes significantly.

5.4.3 Own Impact

This iteration provided visibility on the impact of cost saving actions the case company is
taking. The savings data was extracted from a savings project management (SPM) system,
which is used by the case company to monitor the savings projects. Savings combined with
the market impact measures implemented in the previous increment, delivered transparency
on the most important variable cost drivers. However, the integration of this data added some

manual work to the ETL-process.

The SPM system which was used as a source for the own impact is a SaaS (Software as a
Service) solution and could not be directly connected with the ETL-tool. Thus, the data needs
to be extracted manually from the system to a flat file which the ETL-tool is reading. This
was not completely in line with the requirements, because of the required manual work.
However, the case company has accepted this approach for now, bending possible changes
to the savings management system by the service provider that would allow a direct data

connection.
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The case company is engaged in various types of savings projects, which are input manually
to the system by the employees who are responsible for them. All tough the manual input
process is prone to human error, the quality of the data is high. Some changes in the case
company’s business structure are not implemented in the historical data of the SPM system
and there needed to be some reallocation of the historical savings according to the current

business structure.

The data content has SPM system been designed to be comparable with the financial
management systems data and the two datasets share the same dimensions which makes the
integration work easier. There are two metrics included in the SPM data, which are realized
savings and potential savings. Realized savings are savings from implemented savings
projects that have already been realized. Potential savings are estimations of savings from
already implemented or planned projects that are expected to be realized in the future.
Because of the variation in the types of savings projects that can be undertaken and the way
that savings from these projects can be calculated, there is no calculation logic build in to
the SPM system. Realized and potential savings are calculated outside of the system by the
employees who are responsible for the project and then input to the system. The system then
does monthly cost impact allocations of the savings based on the time period specified by

the project owner.

Savings programs are managed in the same manner by all of the case company’s businesses.
However, one of the business areas was not using the SPM system, but has their own manual
savings monitoring practice. This business area will start using the SPM system in the future,
which means that there will need to be some changes made to the data preparation process.
Fortunately, the agile technologies make the process easy to adjust.

5.4.4 Material Consumption

In the last one of the planned development iterations the objective was to provide visibility
on consumption changes. Consumption is one of the key elements of the variable cost bridge
model and an important part of the analysis. Unfortunately providing this information for all
materials used group-wide would be rather difficult, and therefore some limitations where

implemented. By utilizing this information the end user can analyse how consumption
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changes have impacted variable costs. However, the drivers behind the consumption change
will not be visible. Even so, consumption information is valuable information for variable

cost analysis.

Material consumption numbers were not directly available in any system or database, but
were calculated from material movements that have been recorded to the case company’s
ERP systems. Material movement data for the largest business areas is loaded in to a data
warehouse. Some of the business areas are so small that changes in their material
consumption will not have a significant impact on variable costs from group perspective,
therefore only one business area specific ERP system was integrated in addition to the data

warehouse data.

The material movement data includes multiple types of movements and many different
locations and cost centers. Only specific types of movements and cost centers are needed to
calculate the raw material consumption in production processes. Finding the right movement
types and cost centers from the raw data required some support from specialists. After
unnecessary material movements where filtered from the data calculating consumption only

required subtracting one movement type from another for each cost center.

The case company uses multiple types of materials, many of which are measured in different
units. This has to be considered when the BI application layer is developed. Aggregating
different units of measures is not wise. Also visualizing changes in different sized units of
measures can be misleading. Therefore, consumption changes were measured on per
produced output basis. Reporting consumption per produced unit of output gives the user a
better understanding of how different materials have been consumed in production. By using
this information the user can make assumptions on the drivers of consumption change. If the
weights of the consumed materials has changed, it is likely that product mix has been
changed since production of different products consume materials in different proportions.
If the consumption volume per produced unit has generally changed it is likely that yield or

efficiency of the production process has changed.
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5.5 Overview of the Bl Application

Dashboards in the Bl application where designed to support the performance monitoring
process. The application provides both high level information and more detailed information
in different dashboards. Therefore, the user is able to update high level situation awareness

efficiently, but can also view the information in more detail when needed.

The first dashboard provides an overview of variable cost related metrics on group level.
The objective of the group overview dashboard is to update the high level situation to the
user. Since some of the metrics cannot be aggregated to group level this dashboard will not
provide all metrics on group level, but some metrics are reported on business area level
which also allows the user to compare performance in each business area. Included in the
bottom of the overview dashboard are the main cost drivers of the variable cost bridge. These
are currency impact, market impact, savings and volume impact. The bottom part of the
overview dashboards presents the impact of variable cost drivers on specific cost
components, as well as total costs for the components, change from previous year and

outlook for the whole year.
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Group Variable Cost Overview

Variable Cost as % of Sales Key Figures by Business Area
Variable Cost YTD Unit Cost Change Production Volume
115211313 - s
ca% Business Area 1 11521131 530861 865087
Business Area 2 24796106 -102658 174087
6%
Business Area 3 62516043 68972 567083
Business Area 4 4416610 8194 40105
64%
Business Area 5 15402841 5294 201111405
2 2017
201 2018 20 Business Area & 17388644 7778 52649
M Business Areal M Business Area 3 Business Area 5
Business Area2 Business Aread M Business Area 6
Cost Drivers Variable Cost Bridge
Velume ¢ Currenc Y Market Impact o/ach Change Outlook
Impact sving i mpa ¥Q Change ange Outlool
Cost Group 1 5537 4182 1742 ®12753 -1581 # 26,8 402.3
Cost Group 2 5643 ® 15022 16 1822 -2 42# EX
CostGroup 3 7238 ® 21514 172 6,04 # 235 ||
CostGroup 4 ®-22010 10841 2929 1611 | EEE
186 a5
Cost Group 5 7825 #5531 3229 198 Pz,ao -185
CostGroup 6 3597 2079 1301 660 .78 123
1583

CostGroup 7 7307 ® 23864 391 503 13,90 ﬁ 835 q Currency Impact Market Impact Savings Volume Impact

Figure 16. Group Variable Cost Overview dashboard

The view can be tailored by selecting a specific entity from the top of the dashboard. The
top part presents selected high level KPI’s including their trend and comparison to the
previous year, as well as outlook for the whole year. The main cost drivers of the variable
cost bridge are included also in the business overview dashboard, and again also the part of
the change in variable costs which is not explained by these figures is provided. The bottom
part of the business overview dashboards presents the impact of variable cost drivers on cost
components on more detailed level than the group overview, as well as total costs for the

components, change from previous year and outlook for the whole year.
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Figure 17. Business Overview dashboard
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Whereas the first two dashboards are designed for monitoring performance on a higher level,

the purpose of the third dashboard is to facilitate more detailed analysis. If the user identifies

specific business or cost component that needs further attention, due to a large change for

example, the variable cost driver dashboard can be used to analyse in greater detail what is

causing the change. The cost driver dashboard presents market price trends, currency

exchange rates, production volumes, savings, and consumptions, which are the drivers of

variable costs. The dashboard focuses on visual presentation of data in order to provide the

user with the ability to visually analyse trends and patterns in the data. The user can also

explore the data by filtering the dashboard for a specific business, and cost category.
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Figure 18. Variable Cost Driver dashboard

In case additional analysis is required the data used in the application is available for analysts
to use. These functionalities are not made available for all end users, but only for ones with
data analysis capabilities. Therefore, if the dashboards do not provide the information needed,
an analyst is able to carry out further analysis, build own visualizations, or use statistical
models with the data. The fact that the data can be easily used by analysts for other purposes
as well is one of the main benefits of developing the solution as self-service. The analysis
that is currently possible in the solution is simple descriptive type of analysis, but if usable
statistical models are identified they can be easily developed in to the application. Thus, the

solution enables higher value creation with predictive models.
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6. Discussion

The case company was looking to build a platform that would enable higher value creation
with business analysis. Previous literature suggested that focusing on timely delivery of
insights, pervasive use and predictive analysis would help create higher value. A Bl system
was developed based on the requirements of the case company using one of the most difficult
topics as an example. The main requirements of the case company regarding the Bl system
were automation, reusability, improved data integration and more dynamic reporting. These
were identified based on observations made in the case company and review of previous
studies. The development work was to be done following agile principles. Iteration, self-
service, in-memory technology and data-blending were identified as the agile methods and

technologies that would help to reach the case company’s objective.

Many corporations that have corporate information applications still lack the information
needed for decision making, because the information in the applications is unintegrated,
there is no historical data available, or data is not easy to get to even in the applications
(Rasmussen et al. 2002). As a multi-business enterprise with a complex IT infrastructure
also the case company has issues with using their data efficiently. There are some
implementations of enterprise wide solutions, but these have been difficult and costly to
develop and maintain. It is not a surprise that integrated analytical databases are not that
common in the case company. In many cases historical data is not available or data quality
is not satisfactory for analytical purposes. For these reasons business analytics requires a lot
of manual data preparation at the moment. This particular case of group variable cost
analysis required the integration of multiple data sources. Therefore, it was decided that an

agile business intelligence system would be the best way to go forward in this case.

Previous literature suggests that all types of business analytics do not create equal levels of
value. The more advanced the analysis is the more value it potentially creates. Obviously
predictive analysis requires more capabilities, better data and more advanced tools. In the
past the case company has not focused on implementing predictive analytics, but has now
the will to move to that direction. Therefore, the company needed a platform to enable
predictive analysis. Even though statistical models are not included at this stage, the
implemented platform supports advanced statistical analysis. Therefore, the case company

can implement predictive analysis in the same platform where monitoring and exploration
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takes place. The ability to have an agile business intelligence platform that can be used for
multiple different analytical purposes increases the pervasiveness of the analysis and as a

result increases value creation. (Wixom et al. 2013)

Automating as many routine processes as possible is the only way to be truly agile. Hence,
truly agile teams seek to automate everything that is done more than once. (Collier 2011)
Automation is one of the key factors in maximizing the value creation of business analytics
through increased time to insight. (Wixom et al. 2013) The longer it takes to get from data
to insight that can be used in decision making the lower the created value is (Hackathron
2004). Therefore, automation was one of the main considerations for the case company.
Based on the observations in the case company a perception was formed that when routine
tasks would be automated the case company’s analysts would also have more time to focus

on more high value adding analysis.

Another limitation that was observed in the case company was that most analyses had
completely separate data preparation processes. Wixom et al. (2013) promote reuse to help
maximize value creation. Therefore, the new business intelligence system was developed in
a way that would allow parts of the data preparation process to be used for other analyses as
well. This was found to be a highly useful development practice, since some parts of the

process where implemented for other purposes already during this project.

In addition to the perceived benefits of creating an agile platform for business analytics this
study also found agile development methods suitable for the case context. As many previous
studies have also argued an iterative development methodology was found highly suitable
for Bl development. Like many other companies the case company has recognized that there
is a need to find alternative ways of delivering Bl solutions (Imhoff and White 2011). Since
agile is a value-driven approach, which highest priority is early and continuous delivery it
was decided that the development work would be done in a flexible fashion, with a low level
of bureaucracy (Collier 2011). A flexible style of development did ensure that focus stayed
in the delivery of valuable features. However, it was noticed that a certain level of
bureaucracy is a benefit. Documentation of the development work was especially helpful
when moving from one iteration to another. Nevertheless, focus delivering business value
instead of elegant data models and efficient ETL-scripts was perceived as a positive change

compared to previous experiences in Bl system development.
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Previous literature argued that the agile approach would deliver measurable results that are
visible for the client, which would improve the clients ability to take ownership of the
solution, ease the transfer of knowledge and make change management more efficient (Yeoh
and Koronios 2010). Agile methods seek for deeper collaboration between the development
team and its stakeholders, and also acknowledges that the responsibility for success is shared
(Collier 2011). In this case it became evident that close collaboration between the developer
and business users benefited both sides. The developer was able to better understand what
features created value for the business users, and the business users understood how the
solution worked, which made it easier for them to take ownership of the solution and make
confident decisions based on the information it provided.

Based on previous literature one of the enablers of more efficient and more agile business
intelligence environment is to enable users to become more independent, self-reliant and less
dependent on the help of the IT department. Therefore, the development of the solution was
done as much independent from IT as possible. Based on earlier findings the development
project focused on facilitating an end user enabling business intelligence environment, ease
of accessing data, ease of using the data, and flexibility of adjusting the Bl solution (Imhoff
and White 2011). It became clear that implementing the right self-service enabling
technologies it was possible to achieve a high degree of independence from the IT
department. However, as have been found in previous research not only technological
investment creates value from data, but also allocation of the correct capabilities is required
(Sharma et al. 2014). Especially in the complex IT environment of the case company

understanding of the data and the source systems was vital.

It has been discovered that application of in-memory technology can have a significant
impact on how IT systems are used (Winter et al. 2011). It can turn static decision making
into dynamic iterative analysis. This is the type of change that also the case company has
been looking to make into its decision making process. Agile ETL-tools are able to acquire
data directly from a wide variety source systems allowing business analysts far quicker
access to data by eliminating the need to build an enterprise wide data warehouse. In this
case data integration was carried out using data blending in an in-memory tool. This
approach proved to be highly useful to facilitate the iterative development process. Bl
infrastructures are often rigid, inflexible and unsuitable for readjustments (Knabke and
Olbrich  2011). In order for agile business intelligence systems to be created, the whole
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architecture must become more agile. Using an agile ETL-tool made the integration of
heterogeneous IT systems more straight forward allowing the data to be used more

efficiently.
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7. Conclusions

The objective of this study was to develop a business intelligence system for the case
company that responds to the requirements of conducting high value creating business
analysis. The research process started with an observation period during which the current
practices and systems in the case company were assessed. The purpose of the observation
period was to have a thorough understanding of what is limiting value creation of business
analysis in the case company. The assessment was made based on what prior research had
identified as value maximizing factors. Methods and technologies suggested by literature to
facilitate high value creation were chosen and those methods and technologies were put to a

test using one of the most difficult topics in the case company.

Previous literature suggested that focusing on timely delivery of insights, pervasive use and
predictive analysis would help create higher value. The main limitations in the case company
were lack of automation and reuse, poor data integration and static reporting. Iteration, self-
service, in-memory technology and data-blending were identified as the agile methods and
technologies that would provide improved time to insight, and a dynamic reporting platform
would make using the system more pervasive. The platform would also need to be able to
support predictive analysis. Implementing these methods and technologies provided
significant improvement compared to previous experiences of the case company. Even so,
the implementation of the system still required specialized expertise and thorough
understanding of the data. Also the significant time used to study the situation in the case

company helped to identify the solutions to implement.

There are no case studies in the previous literature that would focus on agile BI methodology
and technology which would include detailed descriptions of the development work. This
study provides practitioners with information that can be used to assess the project in which
the methods and technologies where tested in, what type of challenges where faced and what
kind of analytical logic was implemented. By using this information the reader is able to
have a clear understanding of the requirements of conducting group level business analysis
in the case context and what challenges do the used methods and technologies resolve.
Practitioners can use this study as a reference in the future when planning the implementation

of analytical platforms. It has to be remembered that as a case study many of the details in
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this study are highly case related and the findings are not valid in all situations. However,

similar case contexts can be found where the main conclusions of this study do apply.

Business analytics and business intelligence related literature is ample. As business is
conducted in increasingly dynamic environment also agile methods have gained more
attention in the recent years. In order to help implement the knowledge of agile methods and
technologies academic literature should focus more on practitioner-oriented research. There
is a need among companies to help understand the challenges in using agile project
management methods and technical practices. Research should shift towards more practical
approach. Not only regarding agile, but especially regarding upcoming technologies such as
data lake and machine learning that are spreading to the business community, but are not yet

generally well understood.
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