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High-quality data and comprehensive reports are essential for making informed decisions,
forecasting business metrics, and effectively leveraging artificial intelligence to foster
innovation and modernization within an organization. Investing in data maturity is critical
for companies seeking a competitive edge in today’s market. Despite this, many companies,
including the target organization in this thesis, still rely on manual Excel reporting for their
financial reporting needs. To enhance the reporting quality at the target company, this thesis
aims to analyse the current manual reporting process for a sales profitability report and
automate it using data vault 2.0 architecture as the data warehousing strategy.

This thesis is performed as qualitative research incorporating both a literature review and an
empirical study through a constructive research approach process. The literature review
provides a comprehensive understanding of existing theories and practices in data
warehousing and data vault methodologies. The empirical part of the study involves the
practical application of these methodologies in a real-world setting, illustrating their
effectiveness and adaptability.

The data vault architecture was utilized to transform a manually generated sales profitability
report into an automated solution. Initially, the manual reporting process involved significant
human intervention for data extraction, transformation, and loading, leading to inefficiencies
and potential errors. By implementing the data vault methodology, the study proved how the
data warehouse architecture can support automated reporting processes. The data vault
model's flexibility and scalability allowed for seamless integration of disparate data sources,
ensuring consistent and accurate data storage. This transformation involved creating hubs,
links, and satellites to capture and organize business entities, relationships, and attributes,
respectively. The automated solution not only reduced the manual effort required but also
enhanced data accuracy and consistency, providing business users with reliable and timely
sales profitability reports. This case study demonstrates the effectiveness of data vault
architecture in addressing the challenges of manual reporting and underscores its potential
for broader application in enterprise data management.
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Korkealaatuinen data ja kattavat raportit ovat vilttdmattomid, jotta voidaan tehda tietoon
perustuvia paétoksid, ennustaa liiketoiminnan mittareita ja hyodyntad tehokkaasti tekoélya
innovaation ja modernisoinnin edistdmiseksi organisaatioissa. Tiedon Kkypsyyteen
investoiminen on kriittistd yrityksille, jotka haluavat saada kilpailuetua nykypéivin
markkinoilla. Tastd huolimatta monet yritykset, mukaan lukien tdmén opinndytetyon
kohdeorganisaatio, tukeutuvat yhd manuaaliseen Excel-raportointiin taloudellisissa
raportointitarpeissaan. Parantaakseen raportoinnin laatua kohdeyrityksessd, tdma
opinndytetyd  pyrkii  analysoimaan nykyisen manuaalisen raportointiprosessin
myyntikannattavuusraportin osalta ja automatisoimaan sen kéyttimadlla data vault 2.0-
arkkitehtuuria hy6dyntdmalla.

Tdméd opinndytety0 toteutettiin laadullisena tutkimuksena, joka sisdltdd sekd
kirjallisuuskatsauksen ettd empiirisen osion konstruktiivisen tutkimusotteen muodossa.
Kirjallisuuskatsaus tarjoaa kattavan ymmirryksen olemassa olevista teorioista ja
kaytdannoistd tietovarastoinnin menetelmistd ja data vault -metodologiasta. Tutkimuksen
empiirinen osa késittdd ndiden metodologioiden kéytdnnon soveltamisen todellisessa
ympéristdssd, havainnollistaen niiden tehokkuutta ja mukautumiskykya.

Data vault -arkkitehtuuria kdytettiin muuttamaan kohdeorganisaation manuaalisesti luotu
myyntikannattavuusraportti  automatisoiduksi  ratkaisuksi.  Aluksi  manuaalinen
raportointiprosessi vaati merkittdvissd madrin ihmisen panosta tiedon poiminnassa,
muuntamisessa ja lataamisessa, miké johti tehottomuuteen ja mahdollisiin virheisiin. Data
Vault -metodologia avulla, tutkimus osoitti kuinka tiedonhallinta-arkkitehtuuri voi tukea
automatisoituja raportointiprosesseja. Data Vault -mallin joustavuus ja skaalautuvuus
mahdollistivat  erilaisten  tietoldhteiden  saumattoman integroinnin, varmistaen
johdonmukaisen ja tarkan tiedon tallennuksen. Tami muutos sisélsi liiketoimintayksikon
relevanttien 1dhdejirjestelmien yhdistdmistd Data Vault entiteettien avulla. Automatisoitu
ratkaisu vdhensi manuaalisen tyon tarvetta ja paransi tiedon tarkkuutta ja
johdonmukaisuutta, tarjoten liiketoimintakéyttdjille luotettavia ja  ajantasaisia
myyntikannattavuusraportteja. Tdmd opinndytetyd osoittaa Data Vault -arkkitehtuurin
tehokkuuden manuaalisen raportoinnin haasteiden ratkaisemisessa ja korostaa sen
potentiaalia laajempaan kdyttoon yritysten tiedonhallinnassa.
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1 Introduction

This chapter presents the motivation and background of the study alongside its execution

and structure. Additionally, the objectives and research questions of the study are presented.

1.1 Background and motivation of the study

In the digitalization era, most functions both in business and society rely on data in various
formats, and in order to gain competitive advantage, data analytics need to be applied to the
underlying data (Margulies, 2015, 5). This is due to the fact that data is one of the key aspects
in decision making and therefore the quality of data is strongly impacting the quality of the
decision. Data quality is a complex concept involving various aspects such as accuracy,
consistency, relevance, timeliness and precision within a given context. The significance of
data quality is simple to comprehend, however the actualization possesses considerable
challenges. Ensuring the quality of data has become a paramount concern, with ever rising

data variance. (Pansara, 2023, 1)

As data has become increasingly important, the characteristics and dimensions have also
changed. The volume, velocity, and variety of data has changed which has lead to traditional
data warehouse solutions to become outdated. (Lindsted & Graziano, 2011, 3) To address
the challenges of constantly evolving data, new data warehousing techniques have been
developed that are better equipped to manage vast and diverse data sources. One of the
methods which emerged was the Data Vault methodology, created by Daniel Lindstedt in
the early 2000s. The primary goal of this architecture is to overcome the difficulties
associated with building and maintaining a data warehouse in the context of big data. It offers
a flexible, scalable, and auditable approach to data warehousing and integration. (Vines and

Samoila, 2023, 15)

According to the creator of the Data Vault methodology Lindstedt et al. (2009, 7), “Poor
data architecture and lack of standards are the number 1 cause of problems in the enterprise
data warehousing environment today”. This can be seen as the main obstacle for companies
to overcome, in order to make quality decisions through automated reporting, which refers

to the process of utilizing technologies and methodologies to automatically update reports
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based on data collected from various sources. Automated reporting streamlines the reporting
process and also keeps the reports updated with the most recent information available
without any human interaction. In order to enable automated reporting, enterprises need to
have proper data warehousing architecture and business intelligence tools incorporated to

support their operational data needs. (Laursen & Thorlund, 2016)

1.2 Research problem and scope

The purpose of this thesis is to automate and rebuild the target company’s current sales
profitability reporting within a specific business unit. In order to rebuild the reporting
solution, it is necessary however to understand the state of the current reporting solution
used in the target company. Therefore, a secondary purpose of this thesis is to investigate
the as is state of the target company’s sales profitability reporting and the process that goes

into producing its values.

In the context of this thesis, rebuilding involves adopting an entirely new data warehouse
architecture and data modeling methodology to generate the sales profitability report. The
data architecture includes the entire data flow pipeline, beginning with source extractions
and ending in the publish layer, where a business intelligence (BI) report visualizes the sales
profitability values. Data modeling is closely integrated with the data architecture, and this

thesis employs the Data Vault 2.0 methodology as the chosen data modeling strategy.

Data Vault 2.0 however is much more than just a way of modeling data. I consist of ways of
working and best practises including areas such as project planning & execution, capability
maturity model integration, and lean six sigma to name a few. In the scope of this thesis only

the physical modeling part is considered when referring to Data Vault 2.0.

This research consists of three research questions, which support the purpose of automating
and rebuilding the sales profitability of the target company. The first question aims to answer
what the current state of the reporting is at the company. In order to automate and rebuild
the current solution, it is imperative to understand the current state. The second question
focuses on how Data Vault 2.0 architecture can be leveraged to build an automated reporting
solution. In order to minimize human interaction in the reporting, the solution must utilize

scheduled triggers and both hard and soft business rules embedded in the model. The third
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research question focuses on the key components needed for an automated end-to-end

reporting solution.
The research questions of this thesis are:
1. What is the current state of reporting within the organization?

2. How can Data Vault 2.0 architecture be leveraged to build an automated end-to-end

reporting solution?

3. What are the key components of an automated end-to-end reporting solution?

1.3 Research Methods

This thesis utilizes a constructive research method together with a literature review research
method. The constructive research approach (CRA) is a research method that creates
innovative constructions aimed at solving real-world problems. The fundamental idea of this
research approach is new construction, an abstract concept with a nearly limitless range of
possible outcomes. All man-made artifacts such as models, diagrams, plans, organizational,
structures, commercial products, and information system models are constructions. They can
be recognized by the fact that they are not found but instead developed and invented. By
developing a construction that diverges from everything already existing, something entirely
new is created which again create new types of constructions and new realities. (Lukka,

2001, 1)

A literature review can be defined as a research method that studies researchers’ original
studies. The literature review research is conducted to identify, evaluate, interpret, and
integrate already existing knowledge. The method aims to summarize the existing essential
information from the original studies on the topic and derive the key conclusions relevant to
the predetermined research questions. (Vilkka, 2023) The literature review research method
is used as a support to the constructive research method in this thesis. Best practise
methodologies and architectures are studied from academia and then utilized as reference to

building the construction.
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1.4 Structure of the study

This thesis consists of seven main chapters alongside subsections, appendices, and
references. The thesis begins with an introduction chapter, which presents the background
and motivation of the study, research problem and scope, the research methods, and the
structure of the study. The second chapter begins the literature review portion of the thesis.

The structure of the thesis is presented in Figure 1.

Introduction Background Research problem Background
Literature Feview WH architecture ETL & ELT Diata vauk 2.0
Target Company Company CRA
Results Groundwork Architecture Innovate & construct
. L Eesearch question &
Conclusions :
ANIWETE

Figure 1. Structure of the thesis

The second chapter presents requirements elicitation methods, which are crucial when

starting a project regarding information technologies. The third chapter provides a
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background to data warehousing and additionally includes information on data modeling
concepts and extracting and loading of data sources. It is imperative to understand the
concept of data warehousing in order to use one in the automation of a reporting solution.
The fourth chapter explains the Data Vault 2.0 methodology which is one of the core
concepts of the thesis and its research questions. The chapter ends the literature review
portion by introducing about business intelligence reporting which explains briefly the core

concepts of BI reporting.

The fifth chapter of the thesis presents background information about the target company
and the research method used to resolving the problem of automating the company’s sales
reporting process. The sixth chapter presents the results and each step of the CRA. The
chapter combines topics from the literature research and how the solution was built using
the CRA steps and framework. The final chapter number seven presents the conclusions by
answering the research questions, presenting the outcome, and addressing future research

topics.
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2 Requirement Elicitation

Requirement elicitation (RE) is the process of identifying the needs and expectations of
stakeholders for a system (Emoghene & Nonyelum, 2017, 1). It acts as the first stage in a
requirement engineering process, aiming at identifying system requirements in order to
understanding the problem and application domain in question (Igbal & Suaib, 2014, 1).

This chapter introduces requirements elicitation and requirement elicitation techniques.

2.1 Requirement elicitation techniques

Proper requirements elicitation is considered as one of the most important tasks during a
software project as incorrect practices in this phase often lead to system failures (Ferreira &
Carvalho & Dias Canedo & Dias Kosloski & Avila & Costa, 2019, 1). A requirement is
essentially a demand or need, and in software engineering, it refers to a description of the
desired functionality of a system. A system can have numerous requirements, ranging from
a few to thousands and without proper elicitation techniques, it is impossible to identify and
understand these requirements and the needs of the system under development. (Khan &

Dulloo & Verma, 2014, 133)

There are several RE techniques and they are mainly used by system analysts to determine
the problems, customer needs and opportunities, in order for the system developers to build
a solution which fixes those problems. The goal of the elicitation techniques is to find out as
many problems as possible so that the stakeholders will be eventually provided with the most

suitable solution in the end as per project requirements. (Khan et al. 2014, 135)

RE techniques can be sorted into four distinct segments based on to their nature of
communication: contextual, traditional, cognitive, and collaborative (Tiwari & Rathore,
2017, 2). Table 1 presents the examples of elicitation techniques. Due to the large amount of

techniques listed, the rest of the elicitation techniques are presented in appendix 2.
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Table 1. Requirement elicitation techniques

Name

Type

Explanation

Focus Group

Collaborative

The focus group technique involves bringing together a
small group of people, typically four to nine, who come
from different backgrounds and possess varied skills.
They discuss and share their perspectives, ideas, and
concerns regarding the features of a system that is being
developed. (Tiwari et al. 2017, 2)

Prototyping

Collaborative

Prototyping is where an initial version of the final
product is used by the end users to validate the system
requirements. A prototype can be either a throw-away or
evolutionary prototype. A throw-away prototype will be
discarded after testing whilst an evolutionary prototype
will be updated as per user feedback until it eventually
evolves into the final system. (Tiwari et al. 2017, 2)

Workshop

Collaborative

Workshops are collaborative sessions where stakeholders
come together and actively engage in conversation to
identify requirements for a system or a project. Unlike
normal conversation however, workshops provide a
structured environments for gathering requirements.
(Pirelli & Etzlinger & Derrier & Regev & Wegmann,
2019, 341-342)

Document
analysis

Cognitive

Document analysis is a technique used to examine the
documents associated with the problem domain, aiming
to extract valuable information circulating within the
organization. This method proves valuable in obtaining
comprehensive insights into specific tasks and acquiring
in-depth knowledge. (Tiwari et al. 2017, 3)

Observation

Observational

Observational methods encompass studying the user's
work and documenting the activities that occur. This can
be achieved through direct or indirect observation. By
observing users in their actual context, this approach
enables the observer to witness real user behaviour,
providing a more accurate depiction of work processes
and overcoming limitations associated with stakeholders
or overly simplified representations. (Tiwari et al. 2017,
3)
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2.2 Requirement elicitation technique selection

Capturing requirements happens during so called elicitation sessions. They often happen
iteratively, and each session consists of preparation, execution, and subsequent analysis. It
is the job of the requirements engineer to select the suitable elicitation techniques to be

conducted at each session. (Carrizo & Dieste & Juristo, 2014, 1)
Zowghi & Coulin (2005) have gathered the key preparation steps of an elicitation session:

e Understanding the application domain through policy exploration, understanding the
organizational and social aspects of the company environment, and also system and

development constraints.

e Identifying requirement sources, such as users, experts, and any relevant projects,
process, and systems as well as existing documentation such as manuals, forms,

reports, and earlier requirement specifications.
o Identifying key representative users and analysing stakeholders.

e Selecting the technique, approach, and tools to use in the requirements elicitation

session.

In practise, analysts often rely solely on interviews as their primary RE method, despite their
familiarity with various alternative techniques. This tendency may stem from a lack of
awareness regarding the advantages offered by different RE techniques or from the absence
of methodological guidance for the RE process. In many instances, the selection of an
elicitation method is based not on its specific merits or strengths, but rather on historical

precedent or familiarity. (Hofmann & Lehner, 2001, 64)
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3 Data warehousing

This chapter introduces the background to data warehousing, which is the process of
gathering, storing, and managing massive amounts of data from multiple sources. It involves
transforming data from different systems into a centralized data warehouse (DWH) which is
optimized for querying and analysis. Data warehousing is used as a tool to support business

analysis and decision making. (Nambiar & Mundra, 2022, 3)

3.1 Data warehouse

As stated by Vaisman & Zimanyi (2022, 27), “a data warehouse is a large, centralized
repository that stores data from various sources, such as transactional systems, operational
databases, and external files”. It is typically used to store historical data, which is structured
in a way that that makes it possible to perform complex queries and reports from the stored
data. (Vaisman et al. 2022, 27) The main purpose of a DWH is to provide a single source of
truth for an organization’s data. This means that data stored in the data warehouse from
various sources is stored in a common format so that it is possible to analyse and compare
the data. (Linstedt & Olschimke, 2015, 23) The data in the DWH is often structured to
minimize the need for joins or other complex operations. This type of structuring means that

the data is denormalized. (Zaker & Phon-Amnuisuk & Haw, 2008, 131)

3.1.1 Operational systems

Before data warehousing concepts, organizations were relying on information gathered
directly from operational systems raw data. Operational systems are considered as
computer-based systems that organizations use to support their operational processes.
Examples of operational systems are Enterprise Resource Planning (ERP) systems,
Customer Relationship Management (CRM) systems, and Supply Chain Management
(SCM) systems. (Vaisman et al. 2022, 28)

Querying directly from operational systems databases offers the advantage of accessing real-

time information. However, utilizing analytical queries to manipulate raw data from
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operational database systems can hinder the performance of the operational database.
Consequently, having both operational and analytical users accessing the same database is
not ideal, as this configuration negatively affects the usability for both user groups.
Operational databases have the potential to expand rapidly in size and volume, forcing
organizations to invest in costly hardware to meet the data performance demands. (Jalaja &
Shailaja, 2015, 37-38) The architecture for operational database querying is presented in
Figure 2.
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Figure 2. Operational database architecture (Balis et al. 2017, 2251)

3.1.2 Decision support system

To expedite access to the information essential for decision-making, enterprise organizations
adopted decision support systems (DSS). The DSS consists of an analytical model database
which is populated by specific data from both the organizations operational source systems
as well as any other source of enterprise data. The analytical model database thus includes
only data which is needed for decision making as the data being integrated in the database

is selected by the persons making the decisions. This kind of data might be for example
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production volumes, delivery volumes, or exchange rates being used by the managers of the

organization to make decisions. (Liu & Duffy & Whitfield & Boyle, 2010, 4)

The raw data is being integrated to the model’s database with the use of extract, transform,
load (ETL) tools which have been integrated in the process. The architecture of the DSS
presented in Figure 3 portrays how files are being integrated to the model’s database.
Business users can access the data via the database through making queries where the data
has been prepared for the business users’ purpose and only containing relevant information.
Since the DSS is separated from the source systems there will be no performance slowdowns

in the source systems when querying for data. (Linstedt et al. 2015, 3)
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Figure 3. Decision Support System Architecture (Holsapple, 2008, 183)

3.1.3 Enterprise Data Warehouses

The enterprise data warehouse (EDW) is the next step further in the chain of data

warehousing evolution. Unlike data warehouses, the EDW doesn’t focus on just single
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subject areas for analysis but instead aims to represent the entire organization’s data and
business rules. In the EDW the data is presented in a way which presents all data areas of an
organization and makes them available to business users. (Vaisman et al. 2022, 68) Table 2

presents common characteristics for EDWs:

Table 2. Common EDW characteristics

Topic Business Requirement

Access For business users, it is imperative to connect to the data warehouse from
their client workstation. The access should be immediate, on-demand,
and have superior performance. (Linstedt et al. 2015, 5)

Multiple In enterprises, various departments have diverse data needs. To establish
Subject Areas | a centralized enterprise data warehouse, it should include multiple
subject areas and have the capability to offer it to business users. (Blazi¢
& Posci¢ & Jaksic, 2017, 1492)

Single Version | An EDW ensures a single version of truth for an enterprise consistently,

of Truth unlike data management systems that utilize multiple operational
systems and/or data warehouses. Multiple information sources might
have multiple versions of truth due to e.g., manual input of data or ETL
synchronization problems between source systems and warehouses.
(Bhansali, 2010)

Scalability The EDW should not only have the capacity to handle complex data and
multiple users, but also to manage large volumes of data. If the data
volume surpasses the hardware's capabilities, the EDW should be able
to distribute the computing power across multiple machines and fully
utilize the added hardware capacity, requiring the utilization of
massively parallel processing (MPP) techniques. (Linstedt et al. 2015,
6)

Big Data The EDW should be capable of managing big data, which may have
characteristics such as volume, velocity, and variety, including large

data volumes in various formats that require frequent updates. (Nambiar
et al. 2022, 3)

3.2 Data Warehouse Architecture

The structure and design of a data warehouse system is called a data warehouse architecture,

which can be created using different types of architectures. Typically, a layered approach is
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used that involves several layers including data sources, data integration processes, and data
storage. Arguably the most typical DWH architectures are Kimballs two layer architecture

and Inmon’s three layer architecture (Yessad & Labiod, 2016, 95).

Overall, the DWH architecture is designed to support the flow of data from various sources
into the data warehouse, to enable efficient data processing and analysis, and to provide users
with access to the data through a variety of tools and interfaces. A well-designed DWH
architecture can help ensure the accuracy, consistency, and timeliness of the data, and
support effective decision-making throughout an organization. (Jameel & Adil & Babhjat,

2022, 46)

3.2.1 Two Layer Architecture

The two layer data warehouse architecture proposed by R. Kimball in 1996 has only two
layers which are a part of the data warehouse system itself. Kimballs approach is based on
the concept of dimensional modelling where data is organized into two types of tables: fact
tables and dimension tables. Fact tables contain numeric measurements, or facts, that can be
analysed, while dimension tables provide context and descriptive attributes for those facts.

(Yessad et al. 2016, 96-97)

The first step of the architecture presented in Figure 4 is loading the data raw data from
source systems by using ETL tools into a staging area from various source systems making
an exact copy of the source system data. At the staging area the data can be enhanced by
e.g., cleansing the data, which includes resolving domain issues, correcting misspellings, or
parsing data into standard formats. After the staging area, the data is loaded to the DWH
which serves as a presentation area where data is stored, organized, and made available for
direct queries executed by business users and other analytical BI applications. This setup
allows business users to access the data through ad hoc queries or tools such as Online

Analytical Processing (OLAP) cubes. (Kimball & Ross, 2013,19-21)

A two layered DWH architecture offers the benefit of facilitating the creation of a
dimensional store from source data when compared to other architectures. However, the

downside of this architecture is that building a second dimensional model from the same



source data is more complex since data must be reloaded from the staging area and thus it is

not possible to reuse ETL packages. (Linstedt et al. 2015, 12-13)

A Staging Data Warehouze
- \ Q
N Y
— /
e ]
TN S~ ] A S
~ }.\H_‘_'_F/ » End Users
CRM
NS N/ e
Landing Staging Area
S~
OLAP Cubes

Files & External Data

Figure 4. Kimball Data Warehouse Architecture (Kimball et al. 2013, 19)

3.2.2 Three Layer Architecture

The three layer architecture can overcome the limitation of the two based architecture as the
three layer architecture is comprised of a real time data layer, a reconciled data layer, and a
derived data layer (Yang & Ge & Helfert, 2019, 3). The real time layer is the staging area,
reconciled layer the data warehouse, and the derived layer the data access layer, presented

in Figure 5.

One example of a three layer is the DWH architecture designed by Bill Inmon. His approach
was developed in the 1990s as a goal to fulfil the needs of businesses and facilitate the
development of their decision-making systems. This approach involves storing all events of
a company and allocating significant resources to accomplish this. It relies on operational
systems' entity-relationship diagrams to establish the company's data model. The Inmon
approach follows a "data-driven" approach, meaning that the data is loaded into the data

warehouse without prior knowledge of user requirements. (Yessad et al. 2016, 99)
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The three-layer architecture extends the two-layer architecture by designing the DWH to
hold raw data in third normal form. Although it integrates all enterprise data and serves as a
large operational database, it is still based on physical tables from the source system.
Dimensional models are layered on top of the normalized data in the DWH, allowing
business users to access and analyse data through subject-oriented data marts. This approach
facilitates the creation of new data marts from the operational data store, as the data is already
integrated and cleaned. However, building the three-layer architecture is more complex and
resource-intensive, requiring the creation of the entire DWH, including the operational data
store and dependent data marts. Additionally, changes to the data model can be problematic

if multiple data marts rely on the operational data store. (Linstedt et al. 2015, 13)
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Figure 5. Inmon Data Warehouse Architecture (Linstedt et al. 2015, 13)

3.2.3 Data Lake Architecture & Big Data

The data lake operates as a central location for all raw data sources and opposes no structural
data limitations as direct ETL operations do. This means that the data loaded to the data lake
can be not only structured, but semi-structured and unstructured as well. The data lake also
stores all the raw data loaded from source systems and is reusable and easily available for

further ETL and ELT processes. (Nargesian & Zhu & Miller & Pu & Arocena, 2019, 1986)
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The data lake architecture gained popularity during the emergence of big data when tight
structural data limitations were starting to cause performance issues as the nature of data
started to change. Big Data, which traditionally is defined by the three Vs, could not be

utilized for business advantage due to the structural limitations. (Ravat & Zhao, 2019, 2)

The three Vs of Big Data (Hofmann, 2017, 5110):

e Volume: Big Data consists of massive amounts of data, usually ranging from

terabytes to petabytes and beyond.

e Velocity: Velocity refers to the speed at which data is generated, processed, analysed.
With Big Data, data is often produced in real-time or near real-time, which also

would require streaming capabilities between the source and the data lake.

e Variety: Big Data encompasses multiple different data formats including structured,
semi-structured, and unstructured data. These formats include text, images, videos,

social media posts, sensor data etc.
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Figure 6 Data Lake Architecture (Ravat et al. 2019, 5)

Figure 6 shows an example of the data lake architecture. It is a functional data lake
architecture, containing four essential zones: raw data, process, access, and governance.
Different types of raw data sources are ingested to the raw data zone in their native format
without any processing. The process zone transforms the data into a analytics suitable format

based on business requirements. The access zone stores the processed data for analytics and
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data access. Governance is furthermore applied to all other zones to insure data security,
quality, life cycle, access, and metadata management. (Ravat et al. 2019, 4-5) Despite being
a promising solution for big data management, the data lake architecture had serious
shortcomings. Data lakes became dumping grounds for data and quickly terms such as data
swamp and dark data emerged. Data grew to massive sizes without proper schema

management, data cataloguing, and discovery tools. (Reis & Housley, 2022, 104)

3.3 ETL & ELT Processes

Extract-Transform-Load (ETL) and Extract-Load-Transform (ELT) are both processes
which push data into a DWH, data mart, or operational database by extracting it from various
sources or source systems (Diouf & Boly & Ndiaye, 2018, 1). Both the ETL and ELT
processes are managed by specialized tools designed for these functions, with a wide variety

of such tools available on the market (Mukherjee & Kar, 2017, 943).

The ETL process happens by connecting to a data source whilst transforming the data to a
suitable format. The goal of the extraction is to retrieve as much information as possible
while using as few resources as possible (Singhal & Aggarwal, 2022, 1). Transformation
activities can be e.g., the approval, dismissal, and the combining of data. (Tayade, 2019,
2803) During the loading data is propagated into the target operational database, data mart,
or DWH for end users to access (Bansal & Kagemann, 2015, 45).

In the ELT process on the other hand data is first extracted and then loaded into the data
warehouse without modifying the data in any way, creating a crude duplicate of the source
data in the DWH. First when the data is saved in the DWH is when any transformation to
the data will happen. (Singhal & Aggraval, 2022, 2) The key difference between the two
extraction processes seems to be only the step where the data is being transformed. However,
there are other implications which occur when transforming the data before saving it to the
DWH. Presented in Table 3 is a comparison between the practical differences of ETL and

ELT which have been collected by Tayade (2019, 2806)
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Parameters ETL ELT

Load time Data stacked in the arranging | Data loaded straight to the DWH
phase and is loaded later in the | without transformations. Faster.
objective framework. More time
consuming.

Transformation | As data size changes from small to | In ELT the size of the data never
time large there are also changes in time | determines the speed of the
increments. transformation.

Maintenance High maintenance as user needs to | Data is always available. Low

time choose between stacking or not | maintenance.
stacking information.
Implementation | Easier to implement at an early | Expert knowledge and
complexity stage. transformation tools required.
DWH Support | On-premise data, structured data, | Used within scalable cloud
and relational data. infrastructure that accommodates
both structured and unstructured
data.
Complexity Load only important data which is | Development is handled
identified at the design phase. backwards from the output and
only the needed relevant data is
transformed.
Cost High cost for SME’s. Low entry cost using SaaS
platforms.

3.4 Data Modeling

Data modeling is about turning stakeholders’ data requirements into a data warehouse

solution. Well-managed data modeling is crucial for DWH projects since without proper

data modeling it is rather difficult to make use of data gathered from various sources. There

are three layers for data modeling work: logical, conceptual, and contextual. (Hughes, 2015,

71)

3.4.1 Conceptual Data Modeling

Conceptual data modeling involves representing stakeholders' data through common

concepts such as entities and relationships, thereby illustrating the connections between

different data entities. This approach enables the rapid creation of a model of the problem

area in collaboration with data stakeholders by organizing workshops that include both
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business users and data engineers. The primary entities are derived from the business area,
giving them business significance, which makes collaboration between business
stakeholders and data modelers essential for linking data-intensive solutions to business
processes. The conceptual model also works as the base for the logical data model and is

presented in Figure 7. (Puonti, 2022, 76)
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Figure 7. Conceptual data model

3.4.2 Logical Data Modeling

The logical data model presents all the entities of the data domain and their attributes. The
primary key of each entity is also marked in the model as well as the different kind of
associations between entities. (Foster & Godbole, 2016, 38-43) The purpose of the logical
data model is to provide a clear depiction for the physical relational database design. (Puonti,

2022, 76) The logical data model is presented in Figure 8.
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Figure 8. Logical data model
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3.4.3 Dimensional Data Modeling

A dimensional model consists of fact tables and dimension tables. Fact tables contain
descriptive attributes and are connected to dimension tables through foreign keys. One
representation of the dimensional data model is the star schema. The model looks like a

star, where the fact table is in the middle of the star and the dimension tables form the

Store
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Region Name
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points of the star. (Santoso, 2017, 94) An example of a star schema is presented in Figure

9.

Dimension_Calendar

Date_ID: Date

Year: Integer

Month: Integer

Farct Sales

h 4

Store ID: Inteper
Product ID: Integer

Date ID: Date

Y

Sales: Amount

Dimension Product

Product ID

Product_Description: Varchar

Category_ID: Integer

Figure 9. Dimensional data model

Dimension Store

Store_ID

Region_ID: Integer

Region_Name: Varchar




29

4 Data Vault 2.0

Data Vault 2.0 (DV 2.0) is a business intelligence system invented by Daniel Lindsted and
Micahel Olschimke. The system helps organizations achieve their vision for data
warehousing and information delivery. Data Vault 2.0 is an evolved version of the earlier
Data Vault 1.0 (DV 1.0) methodology and unlike its predecessor DV 2.0 focuses on more
than just the DV modeling. (Linstedt et al. 2015, 11-12) This chapter presents the
architectural side of DV 2.0.

4.1 Data Vault 2.0 Architecture

The DV 2.0 architecture is a modified typical three-layer DWH architecture which is
designed in mind to ensure quick adaption to changes in case new business objects are
defined or a new data source are ingested (Vines et al. 2023, 18). The DV 2.0 architecture

consists of three main layers and the architecture is presented in Figure 10.

1. Staging — does not transform data and does not save historical values. Only data type
checks are made against the incoming load. This layer is non persistent and therefore
staging tables are truncated each time a new data batch is ingested. Only hard
business rules can be applied at this layer, such as data time transformations or

defining hash keys. (Krnet & Jovanovi¢ & Marjanovic¢, 2014, 570)

2. Enterprise data warehouse — which presents the second layer of data which is
modeled using DV 2.0 model. Historical data is saved in this layer by storing data in
DV 2.0 link, hub and satellite entities. The EDW layer allows the application of soft
business rules, to calculate custom KPIs. The data vault is usually divided into a raw

data vault and business data vault. (Lindstedt et al. 2009, 33)

3. Information delivery — which allows end user data access to data marts for analytical
purposes. Publish layer data is normally built as per business requirements and logics
which are user friendly data solutions and do not always require further calculation.

(Vines et al. 2023, 18)
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Figure 10. Data Vault Architecture (Linstedt et al. 2015, 22)

4.1.1 Business rules

In general, business rules transform the incoming data to suit the needs and requirements of
the end-users. In Data Vault 2.0 business rules are divided into hard and soft business rules.
The distinction between the two is that hard business rules consist of technical data
transformations and soft business rules modify data based on business requirements. A
common hard business rule is adding metadata such as source system or timestamp
information to the incoming source when loaded to the staging layer table. In a nutshell, hard
business rules can only enforce business rules from a technical perspective and do not
perform any transformations to the incoming data. Soft business rules however change the
meaning of data and aim to modify the raw data with calculations into such outputs which

match the business calculation logic. (Linstedt et al. 2015, 23)

4.1.2 Staging layer

The primary purpose of the staging layer is to ingest data from various sources as quickly as
possible to the data warehouse and thus reducing the workload on operational systems. The
layer is used to load batch loads and it is also possible to query SQL statements against the
source data. Unlike traditional architectures the stage entities do not contain historical data,

but instead only the most recent batch of raw data which is loaded to the DWH is present.
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The primary purpose of this action is to not have to deal with changing data structures. If
historical data were to be saved in the staging area, there would need to be defined loading
procedures into the data warehouse, which over time could become more and more complex
and would be counterintuitive towards DV 2.0 logic where soft business rules are to be added

as close to the end user as possible in the data architecture. (Linstedt et al. 2015, 25)

The staging tables in the staging layer duplicate the structures of the source system, including
the columns of the source with their primary keys. All the columns are nullable since all data
loaded into the data warehouse via the staging is allowed, even the bad data. Only additions
to the raw data are the hard business rules, which always include at least a sequence number,
a timestamp, a record source and hash key computations for all business keys and their
combinations. The hard business rule columns are metadata required for the loading of the
data into the DWH layer. Sequence number identifies the order of the data in the source
system, the timestamp indicates the date and time when the data was loaded from the source
system, the record source indicates the name of the source system, and the hash keys are

used for identification purposes. (Linstedt et al. 2015, 26)

4.1.3 Data warehouse layer

The data vault model is a complex network, which can often be found in nature. Nature is
filled with systems which can be described using models of complex networks, which have
structures consisting of nodes that are connected by links or edges just as the human brain
for example, which consists of a network of neurons. The networks found in nature all have
one thing in common which is that they consist of hubs and links between these hubs, like
airports and the connections between the airports. The DV model consists of the same hub

and link logic and can be extended as any other scale-free network. (Linstedt et al. 2015, 89)

The data warehouse layer is modeled after the DV 2.0 architecture and stores all data in a
historical time-variant format. The data is stored in the same granularity of the source
system, since the data loaded via the staging layer to the DWH layer is not modified by any
other than hard business rules. (Linstedt and Olschimke, 2015, 26) The DV presents a
business-centric projection for data warehousing transformed from a natural model. The
natural model represents business processes which are tied together with business keys.

Business keys are a main property of the DV model since business keys indicate how
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businesses integrate, connect, and access information in the business system. (Linstedt et al.

2015, 90)

The data vault model is based on three basic entity types which enable the data vault model

in transforming natural models into business centric projections. These entities are hubs,

links, and satellites. They all serve a specific purpose:

Hub. Separates business keys from the rest of the model which refer to business
objects of the model. Keys can be for example flight number, invoice number,
vehicle registration number etc. Due to the importance of business keys in the model,
they are stored separately with some metadata regarding to those keys. The DV
model has a hub for every type of business key. (Linstedt et al. 2015, 91)

Link. Stores relationships between business keys. Business objects are never fully
separate from other business objects, rather they are connected with each other
through operational business processes which use business objects to execute their
tasks. Typical business processes are for example purchasing, sales, and
manufacturing which typically but not every time represents transactions. Therefore,
links are often presenting transactions between hubs as a rule of thumb. (Linstedt et

al. 2015, 91)

Satellites. Stores the context related to business keys and their transactions. Satellites
add the functionality to the data vault by storing the attributes that belong to either
hubs and their business keys or links and their transactions. In the scenario of flight
transactions, satellites store the flight time of the plane or the number of passengers

on that flight. (Linstedt et al. 2015, 92)

Figure 11 presents a logical model of how links, hubs, and satellites connect together as a

DV model presenting flight transactions, airport, flight, and carrier hubs and satellites related

to the link and hubs.
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Figure 11. Link, hubs, and satellites logical model (Linstedt et al. 2015, 93)

4.1.4 Information mart layer

Unlike conventional data warehouses, the DWH component in the DV 2.0 architecture is not
accessible by end users straight away. Instead, end users typically interact with the
information mart, which presents data in a user-friendly format. The information mart is
subject-oriented and can store data in various forms, such as aggregated, flat or wide, report-
oriented, indexed, redundant, and quality cleansed. This data often follows the star schema
and serves as the foundation for relational reporting and multidimensional OLAP cubes.

(Hamoud & Marwah & Alhilfi & Sabr, 2021, 5304)
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4.2 Business intelligence reporting & data visualization

Business intelligence refers to the broader concept that consists of the entire process of
collecting, analysing, and interpreting data to make informed business decisions (Dedi¢ and
Stanier, 2017, 131). Bl reporting one the other hand is a specific component within the bigger
BI framework. BI reporting focuses on the presentation and visualisation of data, such as
creating reports, dashboards, and visual representations of data to communicate information

effectively (Naimuzzaman, 2009, 8-9).

Data visualization is a broad term that refers to any method used to help data users the
importance of data by placing it in a visual framework (Islam & Jin, 2019, 1). Data
visualization involves converting data from measurements, simulations, or models (whether
empirically crafted or machine-learned) into interactive images tailored for user-specific
tasks, enabling exploration, analysis, and presentation. One of the key strengths of data
visualization is its ability to effectively use our sensory and cognitive systems to aid
exploration, analysis, and decision-making. It helps users recognize patterns, observe hidden
relationships, and identify new connections with other known data, facts, concepts, theories,

goals, and opinions. (Chen & Hauser & Rheingans & Scheuermann, 2020, 7)

4.2.1 Data visualization tools

In order to effectively create data visualizations, companies today more than ever are opting
for data visualization tools to make said task easier. The visualization tools connect to the
DWH information layer and pull data in the tool. The visualization tool then allows the user
to select the best suitable way to presenting data. As data visualization has become the de
facto standard within modern BI also the data visualization software plays an important role
for creating and sharing meaningful reports and KPI’s within the company. (Islam et al.
2019, 1-2) With the great demand for BI reporting tools, there is also great supply to choose
between. According to Gartners Magic Quadrant (2023) the leading BI tools are Power BI
by Microsoft, Tableau by Salesforce and Qlik Sense by Qlik. The magic quadrant by Gartner
is presented in Figure 12 where the y-axel stand for the ability to execute, and the x-axel

stands for the completeness of vision.
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5 Target company & research method

This chapter outlines the background of the target company and the research methodology
applied in the empirical part of the study. The core elements and process phases of the

research methodology are presented.

5.1 Target company

Target company in question operates in the oil refining and marketing industry. However,
as is the case for all companies in today’s competitive market, no proper decisions or
accurate report can be made without having clean data to work with. Thus, the target
company has started to transition into a company where artificial intelligence, machine
learning, and business intelligence are words which are frequently spoken. The data vision
of the company is getting clear, yet the company is using huge amount of manual work to
create different reports. This would indicate that there is still a long way for the company to

reach data maturity.

That is to say, the target company conducts its financial reporting mainly by utilizing Excel
spreadsheets. As a large company this means many departments creating their own reports
by extracting data directly from multiple source systems needed for their specific reporting.
Even though seeming very straight forward this has led to issues with topics such as

scalability, integration, performance, quality, and governance.

Reporting without proper data management and having departments building their own ad
hoc reports without proper transparency through the company is considered as outdated
working methods and also harmful for the overall performance of the company. Thus, the
company is heavily investing in a centralized data solution where all operative and
transactional data of the company is stored and modeled in one centralized location. The
goal of the company is to reduce overlapping of reports and also most importantly provide a

single version of truth for the organization’s data.
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5.2 CRA core elements

The core elements of the constructive research approach (CRA) are presented in Figure 13.
The construction needs to be practical in a sense by focusing on a real-life problem which is
perceived as necessary to solve in practise. The construction method is supposed to provide
an innovative solution to this practical real life problem, which includes an attempted
implementation of the developed construction to test its practical suitability. (Piirainen &
Gonzalez, 2014, 8) From a practical functioning perspective the method entails close
teamwork between the researcher and the representatives from the practical side of the
construction. Experiential learning is likewise expected to occur. From a further theoretical
standpoint, the construction must be linked with existing literature information. (Lukka,

2001)

Practival relevance [ #| Practical functioning

CONSTRUCTION,
problem solving

Theoretical contribution

h

Theory connection [«

Figure 13. Elements of Constructive Research (Kasanen et al. 1993, 246)

5.3 CRA process

The ideal outcome of a CRA is solving a real-life problem with a newly created construction
while also yielding a significant contribution from both practical and theoretical
perspectives. Such an outcome would likely be satisfactory for all stakeholders involved in
the research project. However, it should be noted that from an academic standpoint, even
projects that fail on the practical level for one reason or another can still have considerable
theoretical significance. (Lukka, 2001) The constructive research is described by examining
its characteristic research process. The CRA process consists of seven phases which are

visualised in Figure 14.
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Figure 14. CRA Process adapted (Lukka, 2001; Piirainen et al. 2014)

1. Find a practically relevant problem with the potential for theoretical contribution

(Rautiainen & Sippola & Mitto, 2017, 16).

The most crucial phase of all the research steps is undoubtedly the selection
of the research topic (Piirainen and Gonzalez, 2014, 8). The researcher must
approach the issue from both practical and theoretical angles. An optimal
research topic is one that holds practical importance while also being

paradoxical or insufficiently explored in existing literature. (Lukka, 2001)

2. Investigate the possibilities for long-term research collaboration with the target

organization (Rautiainen et al. 2017, 16).

In constructive research, achieving a balance between demand and supply is
crucial. All parties including the researcher and stakeholders from the target
organization need to commit to the project. Typically, the researcher should
become a member of the working group that is formed to solve the problem.
The project team should also include key members from the target
organization. (Piirainen et al. 2014, 8) The researcher may lead this working
group, but it is not necessary. Experience gained from constructive research
projects so far indicates that a researcher working alone, no matter how
innovative their development ideas may be, will almost inevitably fail and
the project is unlikely to ever lead to actual implementation. Thus, a very
demanding challenge for the researcher is to succeed in convincing the
personnel of the target company that investing in the project is truly

worthwhile. (Lukka, 2001)

3. Acquire a profound understanding of the research topic both practically and

theoretically (Rautiainen et al. 2017, 16).
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This phase of the project closely resembles conventional field research. By
employing ethnographic methods (observation, interviews, and analysis of
written materials), the researcher familiarizes themselves with the target
organization, aiming to gain a profound understanding of its starting point.
(Piirainen et al. 2014, 9) It is the researcher's task to ensure that they are aware
of any existing theories in the field—not only to base their future work on
previous knowledge but also to later identify and analyse the theoretical

contribution of the research (Lukka, 2001).

4. Innovate a solution model and develop the constructive construction that could also

have theoretical contribution (Rautiainen et al. 2017, 16).

This stage is critical for the simple reason that if an innovative construction
cannot be developed, there is no reason to continue the project. This phase of
the project is inherently creative and heuristic, and therefore, there are very
few universally applicable methodological guidelines available for it. It is
important to distinguish constructive research aimed at innovations from
simply transferring and implementing ready-made solutions to the research
field. Mere application of previously developed constructions to a new
environment should not be considered an application of the constructive
research approach. The development of an innovative construction should be
seen as a collaborative effort involving both practical representatives and the
researcher, based on both practical and theoretical input data. The
development process can be a time-consuming iterative process involving
generating  initial  construction  ideas,  attempting  small-scale
implementations, and then returning to the innovative stage after these stages

with changed beliefs and knowledge. (Lukka, 2001)
5. Implement the solution and evaluate its functionality (Rautiainen et al. 2017, 16).

This initial practical test of the developed construction is one of the key
characteristics of constructive research and relies on a pragmatic conception
of truth (Piirainen et al. 2014, 11). It is precisely because of this research
phase that the constructive research approach differs from typical analytical

modeling, where developed constructions are often merely built without any
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empirical feasibility testing. Even achieving this research phase alone is a
demanding task and can be considered a positive signal of the success of the

respective constructive research process. (Lukka, 2001)
6. Consider the scope of application for the solution (Rautiainen et al. 2017, 16).

At this stage of the process, as well as in the next stage, the researcher must
be able to distance themselves from their empirical work, control their level
of commitment, and begin to reflect on the learning process undergone
together with the target organization (Piirainen et al. 2014, 12). The critical
factor is the examination of the process outcomes and its prerequisites. If the
newly developed construction succeeds in the initial market evaluation (i.e.,
if it yields the anticipated results), it is naturally worthwhile to consider its
broader applicability and the contextual variations under which it could be
implemented in other organizations. Even if the market evaluation is
unsuccessful, a theoretical analysis is still necessary. It would likely be
beneficial to investigate whether a similar failure could be prevented in other

organizations. (Lukka, 2001)
7. Identify and analyse the theoretical contribution (Piirainen et al. 2014, 12).

From an academic perspective, this is an inevitable and crucial stage in the
project: the researcher must be able to explicate the theoretical contribution
of the project. As in stage six, it is also crucial in this stage that the researcher
can truly distance themselves from the attitude committed to the construction,

especially during the implementation phase. (Lukka, 2001)
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6 Results

This chapter presents the results of building an automated reporting solution for the target
company whilst following the constructive research approach method. Each phase of the

research method is presented together with their results.

6.1 Practical problem

Reporting without proper data management and having departments building their own ad
hoc reports without proper transparency through the company are considered as outdated
working methods and also harmful for the overall performance of the company. Thus, the
target company is heavily investing in a centralized data solution where all operative and
transactional data of the company is stored and modeled in one centralized location. The
goal of the company is to reduce overlapping of reports and also most importantly provide a

single version of truth for the organization’s data.

The target company in question conducts its financial reporting mainly by utilizing Excel
spreadsheets. As a large company this means many departments creating their own reports
by extracting data directly from the source systems needed for their specific reporting. Even
though process is seemingly straight forward this has led to issues with topics such as
scalability, integration, performance, quality, and governance. To raise the quality of
reporting the target company seeks to automate their reporting processes. The practical
problem however is how to automate a reporting process and still tackle issues such as

scalability, performance, quality, and governance.

6.1 Research collaboration

Research collaboration with the target organization was quickly established. There was a
dire need in one of the financial departments to transform the current manual financial
reporting process and to rebuild the sales profitability report. After some initial discussion a

collaborative team between the researcher and the target company was established, where
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both researcher and target organization are working towards the same end goal. The

composition of the team is presented in Table 4.

Table 4. Project team roles

Role name Role description
Business partner Project lead business / target company side
Business controller Report logic / process validation resource target company side

/ Bl report creation

Data architect Project data model lead research side

Data Engineer / Project lead research side for process automation and report
Requirements engineer / | physical rebuild solution

Researcher

The business partner is responsible for the reporting the financial values to the relevant
stakeholders. Therefore, the business partner is the owner of the reporting solution used to
producing the financial values. The business partner might not calculate the values
themselves, but instead leads the team members that do the financial calculations. The
business controller on the other hand does the manual calculations and provides them to the
business partner. Business controller is thus very familiar with the reporting process, data
sources, and formulas used in the calculations. The business controller is used to validating

the functionality of the proposed automated solution.

The data architect is responsible for creating the different data models which are used as a
reference to create the physical solution. The data architect combines the information from
business processes with the real world data to visualize dependencies between different
entities to make the physical build possible. The researcher leads the project from a data
engineer and requirements engineer perspective. The physical solution itself is created by
the researcher, with the help of the data architect’s models and business controller’s

validations.
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6.2 Thorough understanding

Both conventional field research and literature research were conducted to gain a thorough
understanding of the problem at hand. The literature review focused on topics regarding data
warehousing, data modeling, ETL techniques, data visualization, and requirements
elicitation techniques. Requirements elicitation techniques were used to gain a thorough
understanding of the target organizations current report and reporting process whilst the
other literature topics presented in the literature research part of the thesis explains the theory

behind data warehousing and reporting used to building an automated reporting solution.

6.2.1 Requirement elicitation process

The requirement elicitation techniques used for this project are workshopping, focus group,
document analysis, observation, and prototyping. The elicitation sessions are divided into

three major stages:

1. Groundwork: During the groundwork stage workshopping and focus group
techniques were used to understand the stakeholder business processes and what the

sales profitability report aims to achieve.

2. Development: During the development phase document analysis and observation
methods were used to further understand the report process and to dive deeper into

technical data specifications. More in innovate & construct phase.

3. Testing: During the testing phase prototyping method was used to further bring up
requirements which only appeared to stakeholders after receiving an initial version

of the end product. More in testing and implementation phase.

6.2.2 Groundwork

The report automaton project started with the groundwork phase. This phase of the project
was used to gather all the necessary requirements and information to plan the necessary data
models and in what is required from the physical execution of the project. The RE techniques

selected were workshopping and focus group as the only viable information at this point was
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knowing who the stakeholders were. The first elicitation session was organized as a meeting

where all the relevant stakeholders for the project were present. The elicitation session was

led by the requirements engineer and the topics and key outtakes are presented in Table 5.

Table 5. Groundwork elicitation session outcome

Topic

Key outcome

Reporting need

The reason for the reporting is recognising key customers
and to uphold proper financial reporting and compliance

needs.

Data source recognition

All relevant data sources were recognized. The data
sources include company ERP system, third party financial

commodity price provider and structured CSV reference

file.

Business entities

The main entities of the final report were recognized:

calendar, customer, material, and sales profitability.

Stakeholder roles

The roles for all relevant stakeholders in the project were
appointed for further development needs. Business
controller works as the first level validation and report
logic resource. Business partner taking the lead to
communicate project development to higher management
and working as secondary reporting logic and validation
resource. Data architect takes lead on building the data
models for the project to enable the physical solution of the
report. Data engineer and requirements engineer takes lead
on physical build, project development updates and the

requirements elicitation.

Reporting related documents

Identified possible documentation to aid in report

/ material automation.
Reporting process Verbal explanation of current reporting process received.
Next steps Weekly meetings organized for discussion and to follow

up project development.
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6.2.3 Current report & reporting process

The current report consists of a number of excel sheets which are all manually updated by
loading the most recent data with set parameters to the report. Each month a new report is
built from a copy from the last months report. This is also the way to version the reports and
to compare values between different reporting months. With the help of workshopping,
observation, and document analysis RE methods the following reporting process could be

identified as presented in Appendix 1.

The process begins at the start of each new month by preparing a copy of the last months
report and by reaching out to the sales operatives which operate one of the key source
systems to seize their work with the previous month sales orders. There might be sales orders
from the previous month which still might be changed due to some component of the sales
orders being updated. However, this work must be seized for a few days during the reporting

period.
The following steps for creating the report are as follows:

1. Export FX rates. Daily currency changes from the website of the Finnish bank are
manually exported and added to a specified sheet in the main sales profitability report

and are used for currency transformations.

2. Calculate Quotes 1. Reference quotes prices are manually loaded and appended into

specified sheet which are used as calculation source.

3. Calculate Quotes 2. Additional reference quote values are manually loaded and

appended to a specified sheet and are used as calculation source.

4. COGS calculation. Calculating the cost of goods sold values in a completely separate
Excel report. Calculated COGS values are then manually exported to a specified

sheet in the main sales profitability report and used as a calculation source.

5. Prepare sales volumes. Preparing the sales volumes step contains of cleaning up the
main report sheet of the values which are currently present. All old data is deleted

without touching the cell formulas in the report.

6. Values frozen 2 No = Send a new freeze request to sales operatives to stop

modifying sales orders and to send a confirmation that the freeze is active.
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7. Values frozen 2 Yes = Run new sales volumes. The sales volumes sheet is
manually run with the parameters pointing to last month’s values. The existing
formulas point between the different sheets in the report and produce business logic

calculations which result in the monthly sales profitability values.

8. Final adjustments. Some final business logic adjustments are done manually. For
example, manually changing the reference quote for certain product hierarchies and
fixing empty pricing window start and end dates. All formulas are double checked
that they work as intended. Once check is complete, the report KPI’s are shared to

higher executives and finance team members.

The whole process for calculating the sales profitability report takes in normal
circumstances two business days according to the business controller. There are multiple
manual steps and the need to manually load multiple excel reports which are finally
joined into one final report. Manual work with thousands of rows of data joined complex

calculations and copy pasting activities are seen as a risk by the business side.

6.3 Innovate & construct and implement & test

Steps four and five of the CRA were the most work intensive phases of the automation
project and due to the iterative build approach, the steps are overlapping at times. Therefore,
the steps are required to be presented simultaneously. Firstly, the overall process is presented
of how the development and testing process was executed. Thereafter, the different steps and

phases in the process are presented to understand how the solution itself was built.

The process started by physically locating the data sources used for the financial
calculations. Document analysis RE method was mostly used to identifying the data sources
used in the current reporting. This was done by studying available documentation about the
current reporting solution. Observation method was used to better understanding how the
current report process is executed. Understanding the current reporting method and
identifying the data sources lay the foundation for building the data models. When
characteristics of the data and business processes were investigated, the data models could

be built on top of that knowledge.
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Knowing what data sources are needed for the solution and what relations they have to each
other by studying the conceptual and logical data models helped building the physical data
model. The physical model is built by the researcher / data engineer, but naturally constant
discussion with the data architect and business stakeholders where taking place in order to
create the correct DV logical model. The report itself consists of various calculations, some
which need to be calculated before other. Therefore, whenever a new calculation was added
to the physical model, that same calculation was published to a Power BI report meant for
testing and validation. Thus, making it easy for stakeholders to test and validate the new

report solution.

In order to actively include stakeholders in the development advancements and to get hands
on with the product as soon as possible, every new addition or calculation to the report was
published in a test environment. This made it possible for continuous validation and testing
of the report to give feedback and present wishes before the final report would be used for

reporting purposes. A process diagram of the development phase is presented in Figure 15.
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Figure 15. Development & testing process
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The stakeholders mainly report back regarding data source issues or calculation issues for
some of their business logics. This occurred mainly during weekly meetings or ad hoc
validation sessions. Found issues were then tackled and fixed causing a loop in the process
which eventually finishes once all issues have been resolved and all the report

requirements have been met.

6.3.1 Data architecture & ELT

The data architecture used in the report automation is a modified three layer DWH
architecture orchestrated by ELT processes and tools, which are used to transforming the
raw data sources into the final end product. Not only is the report creation automated with
the proposed architecture but also audited and scalable for future development and changes.

The architecture overview is presented in Figure /6 and presented in the following passages.

The first step in the architecture is the data source sources on the far left Figure /6. Three
main data sources were detected for the project: target company ERP system, third party
financial commodity price provider and CSV reference files. The ERP system consists of
operative data such as sales volumes, material and customer information. The third party
commodity price provider contains information about commodity and material market prices
in the industry. CSV reference files include Excels which are used to support the complex
calculation logics in the report by acting as reference tables joining materials identifiers with

commodity price codes.

The next step in the architecture Figure /6 is the extraction of data sources. This is handled
by a data integration tool which helps to orchestrate the ingestion of data which is needed in
the report. This is effectively done by building extraction pipelines within the extraction tool
which send calls to the application programming interface (API) which in turn returns the
data needed from those sources. These pipelines can then be automated to run at intervals
which are suitable for the reporting use case or the nature of the source. In this project daily

loading was enough to get the latest data.

The data is loaded as a copy of the source system without practically any transformations to
the data lake. Only hard business rules were added to the source loads including the name of

the source system and the exact load time of the data. The data lake Figure 16 acts as a
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storage for various source system data. This stage is not persistent, meaning that the data
loaded to the data lake is never deleted, and thus saving al history of the source system loads.
The data in the data lake is thus also reusable if some transformations need to be truncated

and rebuilt for whatever reason.

The data is eventually transformed Figure 16 by modeling the data as per data vault 2.0
practises and by adding soft business rules to the publish layer of the data entities created for
the report. The core business keys are stored into hubs, links are populated with the
connections between hubs, and satellites store the descriptive data of the data sources. A data
ops tool is used to help with the modeling and to visually presenting the relationships
between DV entities. The data ops tool is also used for automating the transformation by
creating timed triggers to daily transforming the new data being ingested to the data lake.
The daily transformation of the data is stored in the enterprise data warehouse at this point

instead of the data lake.
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Figure 16. Target company three layer DWH architecture

The last step in the architecture is the reporting level where the finished report is built using

a business intelligence visualization tool Figure 16. The publish layer tables and dimensions



50

are loaded to the BI tool from the EDW. Since most of the business logics have been added
to the publish layer fact table as soft business rule, the end report only needs to create a visual
presentation of the data to be informative as possible to the end users. Minimal custom
calculations are needed in the last step of the architecture. A third trigger is added to the BI
tool which is set to daily updating the report itself.

When the end to end pipeline run has been tested and validated, the triggers in the pipeline
can be set based on the business logics with respect to when the source system data needs to
be loaded. By adding time based load triggers in the ELT process, we can help automate the
creation of the final report with them the whole process is running within the confines of
agreed parameters and will not require any human interaction. This saves both the time of
human workers and takes away the chance of errors done by humans, resulting in a more

effective and robust reporting solution.

6.3.2 Data Models

Three data models were created form the stakeholder’s data requirements to support the
vaulting of the data and to visually present business processes and their relationships. First
a conceptual data model was created to ensure that all members of the project share the same
understanding of the data entities recognized. The main entities recognized from the business
processes were calendar, customer, material, and sales profitability as seen in Figure 17. The
calendar was recognized as a main entity as the sales profitability needs to be reported on a
monthly basis but also to have the possibility to sort the data in smaller or large time frames
as well as comparing different sales profitability months. Customers are key in the sales
profitability combined with the different materials. It is key to be able to view what customer

have bought which materials and in which time frame.
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Calendar Sales Profitability Customer
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Figure 17. Conceptual model of report

The second data model is the logical data model. It presents the entities of the data domain
and their attributes. For the scope of this project and to protect the target company’s reported
attributes, not all attributes of the logical and dimensional model are presented. The key
attributes which connect the entities together are however presented and can be viewed in
Figure /8. The main entity is the sales profitability and consists of a unique delivery id as
the driving key. This means that each delivery has a unique delivery id to separate deliveries
from each other. Each delivery also has a date id for when the delivery was completed, a
customer id to know which customer the delivery was sent to and one or many material id’s

depending on which materials where sent to the customer.
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Calendar Sales Profitabality Customer
PE | DatelD PE | DelivervID PKE | CustomerlD
Day FK | CustomerID - CustomerName
Month FE | MatenallD — Country
Year | FE | DatzID Region
Material

PK | MatenzIID —

hiaterialMame
Type

Group

Figure 18. Logical model of report

The third and final data model created was the dimensional model of the data entities. The
dimensional model presented in Figure 19 presents the data model as a start schema. Here
the sales profitability was recognized as the fact table of the model. It will include all the
calculations and business logics regarding the sales profitability values. The calendar,
customer, and material entities were recognized as dimensional tables. They connect to the
fact table with their primary key identifiers and thus provide more detailed information about
their corresponding attributes. The customer dimension provides more detailed information
about the customer such as the name, country and region of that customer to name a few.
Likewise, the material dimension provides the name, group and type of material in question.
Calendar dimension can provide information such as day, month, and year, but also quarter,

season of year etc, which also brings value to more in depth data analysis.
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Dimension Calendar Fact Sales Profitability Dimension Customer
PE | DatelD PE | DelivervID PKE | CustomerlD
Day FK | CustomerID - CustomerName
Month FE | MatenallD — Country
Year | FE | DatzID Region

Dimension Material

PK | MatenzIID —

hiaterialMame

Type

Group

Figure 19. Dimensional model of the report

6.3.3 Data Vault 2.0

The creation of the physical model during the development and testing process presented in
Figure 15 includes the build of the staging layer, data vault layer including the logical DV
2.0 model, and the publish layer consisting of the fact and dimension tables. A visual
example of how the data regarding the sales document business concept is modeled using

data vault 2.0 methods is presented in Figure 20.

The staging layer is where the data is first loaded into the target company’s EDW. The first
entity is a staging table where a data check is made to ensure that data is actually being
loaded to the table. When the data check is successful, a windowed view of the incoming
data load is made where an additional data check is done. The staging view checks that the
data being loaded from the source system table is unique over the business key regarding to
the business concept recognized in the source system and business process. After the checks
are passed, the data is loaded to the DV layer. The staging layer is non persistent and does

not save historical data but instead is truncated before each load.
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The staging view data populates the DV entities and stores all the historical data. As an
example, is the sales document entity which is one of the main entities for the report
automation Figure 20. The business key of the sales document if saved in the hub. The
business key is a combination of attributes which are hashed to create a unique key for each
data input in the source system. This makes it possible to manage large amounts of data
inputs and making sure that data is unique and does not include duplicates. The satellite
entity stores the descriptive data of the sales document table and points with the same unique
key to the sales document hub. The link stores the relationship between the sales document
and the customer business key which makes it possible to join data which share the same
hashed business keys. In this example we can join the sales document information with the
customer to see which sales information belong to which customer. The entire DV model

for the project is provided in Appendix 3.
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Figure 20. DWH entity layers
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The publish layer is the final layer in the DWH modeling. Here the underlying DV entities
were joined together creating facts and dimensions which are used in the final report. The
publish layer includes soft business rules which are based on calculation logics and business
requirements from the stakeholders. As per DV modeling methodology the publish layer is
the first step where custom data transformations were added in the project apart from hard
business rules in the extraction phase. The final publish layer model can be viewed in
Appendix 4 where the fact table consists of more than 1000 rows of structured query

language (SQL) and 24 custom calculated attributes as per business requirements.

6.3.4 Power BI data visualization

The final step in the innovate and construct phase of the CRA is the creation of the BI report
used for presenting the sales profitability values to the relevant stakeholders. The tool of
choice for the data visualization is Microsoft’s Power BI, due to an existing licencing
contract between target company and Microsoft. The choice however is common as Power
BI is a market leader in its versatility to help produce high quality reports. Due to the

sensitivity of the data the report itself is not visually presented in this thesis.

The final BI report itself was built as a team effort between the researcher and the business
controller where the focus on bringing the modeled data to the report was the researcher
responsibility and the data visualizations was the business controllers’ responsibility. The
reason behind the division of the tasks in such a manner is that the business side of the project
are not familiar with all the technical aspects of the whole end to end data architecture. On
the other hand, the research team are not as familiar with the business side of reporting and
will also not be using the report. The product is meant as a tool for the business stakeholders
and in order for the tool to be as effective as possible, it is the best solution that the business
stakeholders also take ownership of the visual presentation of the data without having to

worry about the quality of the values once everything has been validated.

The Power BI tool connects to the information layer in the DWH and uses the fact and
dimensions presented in Appendix 4. Using the built in capabilities of the reporting software
the business controller opted for a four page structure to present their values for the first

iteration of the report:
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1. Info: General information about the report including what data it contains, who is

responsible for the reporting solution, and when the report is updated.

2. Sales profitability: The second page includes a table with all the attributes of the fact

table presented. Option for users to filter the values by costumer and material.

3. Metrics: Page three presents important key metrics regarding the sales profitability

which can be filtered over time.

4. Comparison: The fourth page includes a line chart and a staple diagram comparing
sales profitability values. The line chart displays the difference in delivered material
volumes each month, staple diagram compares the volumes over customers each
month. Here the users can select which customer to display and over which time

period.

6.4 Applicability & Theoretical contribution

The applicability and the theoretical contribution of the project are the last two steps in the
CRA process. As a prerequisite at the beginning of the project was to reconfigure the
outdated sales profitability reporting process used by one of the financial departments at the
target company. The reporting process needed to be automated, scalable, have good
performance, be of good quality, and governed. The solution built to meet these requirements

is the Power BI report which utilizes data warehousing and data vaulting techniques.

The analysis of each precondition of the business requirements was measured and discussed
with the project composition during the market testing of the new data product. The
automation of the report was determined by validating that the financial report is being
updated daily without any manual inputs by end users. Since the data ingestion, data
warehouse calculations, and Power BI report are all timed with triggers that load the data
and crunch the numbers automatically, there is no need for users to do anything about the
update of report values themselves. At the same time the quality of the report was validated.
The calculations on the BI report produce the same values as the old Excel, however without

any manual inputs.

The performance was measured by calculating the time it takes for the new BI report to be

updated with the most recent values and how long it takes to query the fact table of the
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model. Extracting data from source systems to the data lake is the heaviest of the three loads,
which depend on the amount of data being loaded. However, the extraction happens each
night from all the source system, so the extracted raw data is available to the end users when
they begin work in the morning. The performance measurement started from how long it
takes to load the data from the data lake to the report. To load and populate the data vault
entities takes between forty minutes and two hours Appendix 5 Figure 21. Querying the
whole fact table takes under two minutes and produces around 50 thousand rows of sales
profitability data depending on the month Appendix 5 Figure 22. The Power Bl report takes
five minutes to update the data model of the report Appendix 5 Figure 23. The performance
is thus around two hours in total to produce new values to the report, which compared to two

days and manual work steps is considered as good performance.

Scalability and governance were also provided in the solution. Business users can control
the access of users to the report and govern who is able to see the sales profitability values.
The scalability is provided with the data vault structure and star schema data model. If the
business recognizes new requirements which need to be added to the report, the model can
be scaled up in the data vault model and then the new attributes or dimension added to the
star schema. However, the scalability of the construction is wider than just growing the
newly created sales profitability solution. The data vault network of hubs, links, and satellites
are reusable for any other department at the target company. This does not only make the
solution scalable, but also fast in deploying new data products as the data entities are

reusable.

The automated reporting solution brings advantage to organizations by ensuring reliable data
for decision-making. It enhances report accuracy and stays consistent by minimizing human
errors which are inherent in manual reporting. The automation of data entry and calculations
improve efficiency and saves time, allowing business users to focus on strategic tasks. The
automated reporting solutions scalability is a major benefit, as it can handle growing data
volumes and integrate new sources to the centralized DWH. Data management is also
enhanced through the centralized storage, which improves data governance and security.
Additionally, the use of modern BI tools on top of high quality data enables advanced

analysis and visualization of data, which result in valuable insights for organizations.
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The automated reporting solutions does present some risks as the transition from a familiar
manual reporting structure might face resistance from employees. The automation is highly
dependent on software and technical solutions, which are vulnerable to issues or failures.
The solution thus requires resources for fixing any technical issues. Monitoring of the data
loads can be automated however, and alerts can be set up to indicate faulty loads.
Centralizing data increases the risk of cyberattacks, which require robust security measures
to protect the data and the systems responsible for data integrations. The ease of scalability
in the data platform and possibility to bring more data fast to the DWH can cause
organisations to forget proper data modeling techniques, which can ultimately lead to a

jungle of different data solutions, which are impossible to maintain in the end.

Organisations can use the end-to-end reporting framework to automate all reporting
requirements they have. However, Organisations must follow a clear data architecture and
modeling practises at all times to ensure the quality and functionality of the company EDW
to maximize the benefits and to minimize the risks. Employee training about the new BI tool
and reporting processes is essential to ease change management. Strengthening data
governance frameworks will ensure data quality, integrity, and security. The organisations
can also develop user-friendly interfaces and ready to use reporting templates for non-
technical users. Ultimately, as the organization’s data maturity increases, the potential to
utilize advanced analytics, such as machine learning, becomes feasible, offering significant

value.

The theoretical contribution of this CRA is presenting a framework for transforming manual
reporting processes into automated solutions. The project combines the theoretical methods
of how to handle data including data warehousing, ELT, data modeling, and data vault 2.0
methodologies with business requirement elicitation techniques. The theories are then
combined and the process of how to utilize the data infrastructure to building reports are

presented as the results of the project.
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7 Conclusions

This thesis researched the reporting processes of an international corporation operating in
the oil refining and marketing industry and provides a framework solution to automating the
reporting process at the target company. The proof of concept was conducted by automating
the sales profitability report of a financial department at the target company by utilizing data
vault 2.0 architecture data warehousing practises. In this chapters the research questions are

shortly answered, and the main findings are summarized.

1. What is the current state of reporting within the organization?

The organization currently relies on Excel spreadsheets for its reporting, with each
department manually updating these sheets by loading the most recent data with set
parameters. The thesis follows closely the reporting process of a sales profitability report
where each month, a new report is created by copying the previous month’s report, which
serves as a versioning method and allows for comparison between different reporting
periods. Through workshops, observations, and document analysis, the report creation

process was outlined and is presented in Appendix 1.

However, the lack of proper data management and the decentralized approach, where
departments build their own ad hoc reports without company-wide transparency, are
considered outdated and detrimental to overall performance. Consequently, the organization
is investing in a centralized data solution to store and model all operative and transactional
data in one location. This initiative aims to reduce redundant reporting and provide a single

version of the truth for the organization's data.

Despite the straightforward nature of the current process, it has led to challenges in
scalability, integration, performance, quality, and governance. To improve the overall
reporting quality, the organization aims to automate its reporting processes by removing the
manual inputs required by report users. The challenge however lies in figuring out how to
automate the process whilst not compromising issues of scalability, performance, quality,

and governance.
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2. How can Data Vault 2.0 architecture be leveraged to build an automated end-to-end

reporting solution?

The Data Vault 2.0 can be effectively leveraged to building an automated end-to-end
reporting solution by utilizing the scalability and flexibility of the architecture paired with
automated ELT processes, which reduce manual interventions and ensure timely updates of
data. The architecture employs a modular structure comprising hubs, links, and satellites,
which allows for seamless scalability. Additionally, new data sources can be integrated
without disrupting existing structures, ensuring the system can grow alongside the

organization.

Integration is the first critical aspect in the data vault 2.0 architecture to enable the
automation of a report. The architecture follows a unified data model by centralizing data
from multiple data sources into a single repository. This means having all data used for the
creation of the report in the same data warehouse, facilitated by consistent data integrations
from various sources to minimize redundancy. The architecture allows furthermore parallel
loading of data, which enable the architecture to process large amounts of data maintaining
a high performance even if the amount of data increases. Moreover, the data vault 2.0
architecture is abstract from the source systems, ensuring that changes on the source system

side do not affect the data already present in the data warehouse.

The automation is furthermore enhanced by performance and data quality capabilities of the
architecture to aid in the report automation. The architecture maintains a comprehensive
historical record of the data ingested in the data warehouse and stores the once modeled
entity relations between the links, hubs, and satellites. The once modeled logic is not changed
unless the business logic regarding the entities change making the architecture crucial for

maintaining data consistency and accuracy across the organization.

All in all, the data vault architecture and methodology follow standardized data modeling
practises, which when utilized correctly can work very efficiently as a report automation
strategy. Once the business processes and stakeholder requirements are modeled into the
vault, the main business entities become reusable and scalable. The data flow is monitored,
and changes are logged in the satellites. As a result, new reports are automatically updated

without user intervention. If modifications to the solution are necessary, expanding the Data
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Vault architecture is typically straightforward, as it reflects the company's business

processes.
3. What are the key components of an automated end-to-end reporting solution?

To implement Data Vault 2.0 for automated reporting, an organization should follow a
structured approach. Firstly, the reporting needs from the company's perspective must be
identified, followed by determining the required data sources and key performance
indicators to be produced. This process involves using requirement elicitation methods to
thoroughly understand both the business processes and the technical requirements necessary
for the reports. The techniques involve gathering and analysing the needs of stakeholders
through requirements elicitation methods such as interviews, surveys, workshops, and

document reviews.

The most important technical component of the automated end-to-end solution is
determining the architecture used to extracting data, sharing data, and creating reports.
Appropriate data warehousing concepts must be decided, such as whether to use a traditional
data warehouse and how many layers should the warehouse have or use a data lake instead,
or perhaps a combination of both. It is advantageous in the long run for corporations to select
and follow an architecture which is scalable, supports the integration requirements of the
organization, and has good performance. It is also crucial for the organization to determine
what extraction, transformation, and load (ETL & ELT) practises are suitable to support the

flow of data in the architecture.

The abstract planning and modeling side of data is equally as crucial beside the physical
framework of creating an automated end-to-end reporting solution. Data modeling helps
define the data structure and how it relates to other tables in the data warehouse. Data
modeling involves creating different data models such as conceptual, logical, and physical
data models that organize data into tables, relationships, and schemas. Planning the different
data models help the organization to understand complex data structures and also aids in the
process of building the physical solution in the Data Vault 2.0 framework when used as a

reference.

The final key component of an automated end-to-end reporting solution is the publish layer
of the organization’s data architecture. This layer serves as the interface where the modeled

data is connected to business intelligence tools. These BI tools, such as Power BI are then
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utilized to create informative and interactive reports and dashboards that end-users can
leverage for reporting and analytics. The publish layer plays a critical role in transforming
raw data into actionable insights. Once the data has been modeled within the data warehouse,

it is presented in a user-friendly manner that supports decision-making processes.

The CRA project conducted in this thesis successfully transformed the organization's manual
reporting process into an automated solution. By gathering the requirements of business
stakeholders and applying Data Vault 2.0 modeling practices, the project converted business
logic into a technical reporting solution. As a result, business users no longer need to
manually update, calculate, copy, and paste large amounts of data across Excel spreadsheets.
Instead, they can simply open their BI tool to view calculations that are processed in the
background by the entire ETL pipeline. The transformation framework can furthermore be

utilised for any of the target organizations other reporting needs requiring automation.

The thesis focused on the architectural framework required to create an automated reporting
solution and intentionally did not disclose the specific tools used for data transformations,
modeling, and warehousing. Additionally, highly technical details regarding Data Vault
entities and their business key joins were omitted, as these vary by case and would have
shifted the thesis towards an overly technical presentation of the target company’s solution.
Future research could explore the benefits of automated reporting, particularly the monetary

and time savings it offers, which could provide significant business value to organizations.
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Appendix 2. Requirement elicitation techniques

Name

Type

Explanation

Interview

Traditional

An interview is conducted by asking the domain
experts / stakeholders how they perform their
tasks using the domain of interest. The success of
an interview depends on the questions asked and
what the expertise of the domain experts is. (Khan

et al. 2014, 135)

Questionnaire

Traditional

A questionnaire consists of a set of pre-designed
questions intended to gather information from
respondents. Questionnaires  allow  for
standardized data collection, making it easier to
analyse and draw conclusions from the gathered

responses. (Igbal et al. 2014, 4)

Survey

Traditional

Survey is similar to a questionnaire, but it is
aimed at a larger focus group. It can cover an
entire region of people and collect a cast amount

of requirements. (Tiwari et al. 2017, 2)

Focus Group

Collaborative

The focus group technique involves bringing
together a small group of people, typically four to
nine, who come from different backgrounds and
possess varied skills. They discuss and share their
perspectives, ideas, and concerns regarding the
features of a system that is being developed.

(Tiwari et al. 2017, 2)

Brainstorming

Collaborative

Brainstorming uses an open environment for
participants who discuss the topic for possible

solutions (Ferreira et al. 2019, 13).

Joint Application
Development (JAD)

Collaborative

JAD involves collaborative workshops or
sessions with stakeholders and subject matter
experts. JAD brings together individuals from

different backgrounds and roles, such as clients,




end-users, developers, and analysts, to
collectively define and refine requirements for a
system or project. (Duggan & Thackenkary,
2004, 399)

Prototyping

Collaborative

Prototyping is where an initial version of the final
product is used by the end users to validate the
system requirements. A prototype can be either a
throw-away or evolutionary prototype. A throw-
away prototype will be discarded after testing
whilst an evolutionary prototype will be updated
as per user feedback until it eventually evolves

into the final system. (Tiwari et al. 2017, 2)

Workshop

Collaborative

Workshops are collaborative sessions where
stakeholders come together and actively engage
in conversation to identify requirements for a
system or a project. Unlike normal conversation
however, workshops provide a structured
environments for gathering requirements (Pirelli

et al. 2019, 341-342).

Use cases / scenarios

Collaborative

Use cases or scenarios are descriptions of
interactions between users and the system that
aim to identify user needs. They outline the
sequence of interactions between the system and
external actors. Use cases primarily focus on
capturing the functional requirements of the
software system. Scenarios should encompass
details such as the initial system state, the
expected state after the scenario, concurrent
activities, the typical sequence of events, and any
exceptional events that may occur. (Tiwari et al.

2017, 2-3)




Document analysis

Cognitive

Document analysis is a technique used to examine
the documents associated with the problem
domain, aiming to extract valuable information
circulating within the organization. This method
proves valuable in obtaining comprehensive
insights into specific tasks and acquiring in-depth

knowledge. (Tiwari et al. 2017, 3)

Protocol analysis

Cognitive

Protocol analysis is a meeting method wherein
stakeholders and analysts engage in discussions
regarding system requirements. This technique
not only facilitates the exploration of user
requirements but also provides a framework for
determining the necessary actions to fulfill them,
utilizing rationale in the process. (Tiwari et al.

2017, 3)

Laddering

Cognitive

Laddering is a structured interview technique that
involves asking stakeholders a predefined set of
standard questions arranged hierarchically. The
key to the success of this approach lies in
stakeholders possessing domain knowledge,
ensuring meaningful and insightful responses.

(Tiwari et al. 2017, 3)

Observation

Observational

Observational methods encompass studying the
user's work and documenting the activities that
occur. This can be achieved through direct or
indirect observation. By observing users in their
actual context, this approach enables the observer
to witness real user behavior, providing a more
accurate depiction of work processes and
overcoming  limitations  associated  with
stakeholders or overly simplified representations.

(Tiwari et al. 2017, 3)




Appendix 3. Project Data Vault Model
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Appendix 4. Sales profitability star schema

Dimension Material

wid_material (varchar 32)

material nr (varchar 18)
material text (varchar 400
material type (varchar 4)

material group (varchar 9)

ETC

R

physical_material_code (varchar 10)

Fact Sales Profitability Dimension Material

PK | Sales_order number (varchar 16) PKE | wid_customer {(varchar 32}

FK | wid_customer (varchar 32) customer id (varchar 10)

FE | wid material (varchar 32) customer_name (varchar 53)

FK | date pkey (integer 4) customer_country_code (varchar 3)
planned delivery dt (date) customer_country _name (varchar 13)
delivery_mmnber (varchar 16) customer_region (varchar 233)
sales comtract type (varchar 40) customer_street (varchar 35)
sales contract code (varchar 16) customer_postal_code (varchar 10)
sales contract valid from (date) :

ETC .
sales contract valid to (date) .
sales_order_valuation type (varchar 10) trading_partner (varchar )
sales_organization (varchar 4)
sales org_text (varchar 20)
profit_center (varchar 10)
profit_center text (varchar 40) Dimension Calendar
divizion (varchar 2) PK | date_pkey (integer 4)

divizion_text (varchar 20
13_code (varchar 18)
13_name(varchar 40)
M_code (varchar 18)

14 _name (varchar 40)
13_code (varchar 18)
13_name (varchar 40)

3 _name (varchar 40)

delivered_quantity (decimal 15.3)

delivery_amount eur (decimal 13

ETC

BT

total sales margin (decimal 13,3)

date (date)

day_num_in week (integer 1)
day_num_in_menth (integer 1)
day mum in vear (integer 2)
vear (integer 2)

month_name (varchar 10)

day_name (varchar 10)

ETC

R

quarter (mteger 1)




Appendix 5. Data load and query performance figures
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