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ABSTRACT

Understanding and managing change is a strategic objective for many organisations to
successfully compete in a market place; as a result, organisations are leveraging their data asset
and implementing data warehouses to gain business intelligence necessary to improve their
businesses. Data warehouses are expensive initiatives, one-half to two-thirds of most data
warehousing efforts end in failure. In the absence of well-formalised design methodology in the
industry and in the context of the debate on data architecture in data warehousing, this thesis
examines why multidimensional and relational data models define the data architecture
landscape in the industry. The study develops a number of propositions from the literature and
empirical data to understand the factors impacting the choice of logical data model in data
warehousing. Using a comparative case study method as the mean of collecting empirical data
from the case organisations, the research proposes a conceptual model for logical data model
adoption. The model provides a framework that guides decision making for adopting a logical
data model for a data warehouse. The research conceptual model identifies the characteristics of
business requirements and decision pathways for multidimensional and relational data
warehouses. The conceptual model adds value by identifying the business requirements which a

multidimensional and relational logical data model is empirically applicable.
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CHAPTER 1 - INTRODUCTION

1.1 Background to the Problem

Over time, organisations have accumulated vast amounts of data in the course of conducting day-
to-day business activities. In their drive to increase market share and to create greater
shareholder value, organisations have come to rely on their most prized asset, data, in order to
obtain the necessary intelligence to understand and improve their businesses (Russom, 2009).
The need to manage that data has led to increased number of organisations initiating data
warehousing projects to support decision making to drive growth. A data warehouse is primarily
used in strategic decision making; it is a collection of decision support technologies, aimed at
enabling knowledge workers (executives, managers, and analysts) to make better and faster
decisions (Chaudhuri and Dayal, 1997). However, data warehouses are expensive initiatives,
one-half to two-thirds of most data warehousing efforts end in failure (Hayen et al, 2007; Mark,

2005).

While the need for and the benefits of data warehouses are understood, there is no consensus on
the logical data model on which to implement a data warehouse (Rizzi, Abello, Lechtenborger
and Trujillo, 2006; Kimball and Ross, 2002; Imhoff, Galemmo and Geiger, 2003; Inmon, 2005;
Kimball 1997). Two main data models based on multidimensional or relational paradigm exist
in data warehousing, they are commonly referred to as multidimensional and relational data

models respectively (Kimball and Ross, 2002; Inmon, Imhoff, Sousa, 2001).
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In its basic form, a multidimensional data model enables a data warehouse to cater for a specific
reporting or analytics need of a business function rather than the need of an entire organisation
(Kimball, 1997; Kimball and Ross, 2002). This way, a multidimensional data warehouse is
engineered and driven from the perspective of the business users (Kimball, 1997; Kimball and
Ross, 2002; Bruckner, List and Schiefer, 2001; Prakash and Gosain, 2003; Sperley, 1999;
Golfarelli and Rizzi, 1998; Husemann, Lechtenbdrger and VVossen, 2002). In order to use a
multidimensional data model to develop a data warehouse that cater for the needs of an
organisation, ‘bus architecture’ is often recommended as the basis for multidimensional
enterprise data warehouses (Kimball, 1997; Kimball and Ross, 2002). A bus architecture
framework uses conformed dimensions in multidimensional approaches to provide a broader
view of an enterprise. A dimension is said to be conformed having been transformed through a
process of standardization that enables its attributes to have similar column names and domain

contents (Kimball, 1997; Kimball and Ross, 2002).

A relational data model is often portrayed through a Corporate Information Factory (CIF)
framework (Inmon, Imhoff and Sousa, 2001). A corporate information factory is an
‘organisation information ecosystem’ consisting of an external world, applications, data
integration, operational data stores, data warehouse, data marts, intranet and internet, data
mining, alternative storage and decision support systems (Inmon, Imhoff and Sousa, 2001). In a
corporate information factory approach, data within an enterprise is extracted from various

operational upstream systems and consolidated in a data warehouse.
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The logical data model for a data warehouse in corporate information factory framework is a
relational data model; this data model is oriented to an enterprise view of an organisation
(Inmon, Imhoff and Sousa, 2001; Imhoff, Galemmo and Geiger, 2003; Tryfona, Busborg and
Christiansen, 1999). The outcome of these superficially opposing approaches has resulted in a
practice in the industry where most data warehouses are largely implemented using either
multidimensional or relational approaches and the reasons why one is chosen over the other are

unclear empirically.

1.2 Aim and Objectives

The aim of this research is to examine the decision factors influencing the choice of logical data

model for data warehouses in the industry.
The objectives of the research are to:

1. Review the state-of-the-art in data warehouse development in order to distill the factors
affecting the choice of data model in data warehousing.

2. Synthesise the literature in order to try and develop a framework impacting the choice of
logical data model in data warehousing.

3. Undertake a comparative case study in the organisations using the multidimensional and
relational data models to test the factors impacting the choice of logical data model for a data
warehouse.

4. Evaluate the outcome of the study to determine the alignment of the decision factors in

practice and contributions to theory.
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1.3 Method of Research

The work in this thesis uses case study as the primary method as it is appropriate for an empirical
investigation of contemporary phenomenon in its natural context using a number of sources of
evidence (Hancock and Algozzine, 2006). Research that asks why and how, where a researcher
requires no control and does not attempt to influence the behaviour of participants is suited to
case study (Yin, 2009). Case study method is used to achieve various aims; it is used to provide
description, to generate propositions, hypothesis or theory (Hancock and Algozzine, 2006; Yin,
2009; Eisenhardt, 1989; Cavaye, 1996). Case study is also appropriate for situations where the
focus of a study is broad and complex and there is not a lot of theory available (Dul and Hak,
2008). Case study focuses on understanding the dynamics within cases and researchers that
utilize case method routinely use a variety of techniques such as interviews, questionnaires and

observations to collect evidence (Eisenhardt, 1989; Cavaye, 1996).

This study is comparative in its nature, using data from various divisions covering wealth
management (GWealth) and investment banking (ICapital) divisions of a Tier 1 global banking
institution (TBank). The case organisations employed multidimensional and relational data
models for their data warehouses respectively. The research design for this study uses literature
to distill the key propositions influencing the choice of logical data model for a data warehouse.
These propositions inform a set of interview questions that were administered to GWealth and

ICapital research participants.
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The interviews of research participants were conducted in parallel stream enabling the
investigator to collect empirical data specific to each case. The GWealth serves affluent and high
net worth of clients with offices in 25 countries across key business areas including private and
international banking, wealth advisory, research, economics and strategy. The ICapital is a major
player in global financial markets offering investors a range of security products including
equities, government and corporate debt instruments, commaodities, securitization, credit, credit

derivative and interest rate products.

1.4 Structure of the Thesis

In addressing the research aim and objectives, the thesis is organized as follows.

Chapter 2: Drawing on literature, the chapter presents a review of literature in data warehousing
and examines the key components of a data warehouse system. A broad view of the phases of
implementing a data warehouse system is presented leading to examination of decision theories.
The chapter proceeds by exploring the discourse in the industry regarding the adoption of
multidimensional or relational data model for a data warehouse. The research propositions are
then presented and discussed. Finally, based on decision theory, a conceptual model for adopting

a logical data model for a data warehouse is presented.
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Chapter 3: This chapter explores research philosophies and presents an overview of research
methodologies. The chapter examines why a case study method is suitable for this study and
compares and contrasts single and multiple case methods. The chapter proceeds by presenting
the research design for this study, discusses the components of the research framework and

describes the process of linking the empirical data with the research propositions.

Chapter 4: This chapter provides an overview of GWealth case study and describes its data
warehouse project including the project definition and objective. The data architecture of
GWealth data warehouse is introduced and the chapter proceeds by presenting the results of the
case study at GWealth. Finally, the chapter concludes by providing a summary of the research

findings.

Chapter 5: The chapter presents an overview of ICapital data warehouse project including the
project definition and the objectives of the data warehouse. The data architecture of ICapital data
warehouse is introduced including a description of the key components of its data warehouse.
The chapter proceeds to present the results of ICapital case study. Finally, the chapter concludes

by providing a summary of the research findings.

Chapter 6: This chapter provides a comprehensive discussion of Chapters 4 and 5. The chapter
provides in-depth analysis of the research findings in relation to the literature. The chapter
proceeds to provide a broader discussion of each of the research propositions drawing on

literature and the empirical data to drive the discussion of the research findings, leading to a
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statistical examination of the significant relationship between the research analytical code
variables and the logical data models. The chapter proceeds by presenting a decision matrix for
adopting logical data model and represents the revised conceptual model presented in chapter 2.
Finally, the chapter discusses the implications of this study for practice and theory and concludes

with a summary.

Chapter 7: The chapter concludes the study in this thesis; it presents a summary of the research
chapters and the contributions of the research to industry and research sectors. The chapter

outlines the limitations of this research and provides the areas for future research.
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CHAPTER 2 - Literature Review

2.1 Introduction

Data warehousing has been around for over two decades and has become an important part of an
organisation’s information technology infrastructure. To build a data warehouse, data from
heterogeneous operational systems are extracted, de-duplicated, cleansed, transformed and
consolidated in a data warehouse. The key components of a data warehouse represent the
components that must be integrated and function together for the efficient running of a data
warehouse system. The architecture of a data warehouse describes the components and services
that make up a data warehouse system, how they fit together and how they scale for future
growth of a data warehouse system. A body of literature exists on data warehousing; however,
there is no formalised standard for developing a data warehouse. The literature in data
warehousing reflects the debate in the industry in the absence of consensus on the logical data
model with which to implement a data warehouse. In data warehousing, the observed trend in the
industry and the research sector is that, in general, two approaches based on the
multidimensional and relational data models are commonly used for developing a data

warehouse.

This chapter is divided into 8 Sections. Section 2.2 looks at the overview of a data warehouse
system. Section 2.3 looks at the key components of a data warehouse system from an end-to-end
perspective and Section 2.4 explores different phases of implementing a data warehouse. Section

2.5 examines decision theory and explores the theoretical prescription for decision making.
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The Section looks at normative, descriptive and prescriptive decision making theories.
Additionally, Section 2.5 examines how decisions are made under risk and uncertainties and
discusses the naturalistic decision-making. Section 2.6 engages the literature to discuss the
criteria influencing the choice of logical data model. Finally, Section 2.7 concludes with a

summary.

2.2 Overview of a Data Warehouse System

Data warehousing has been around for over two decades and has become an important part of an
organisation information technology infrastructure (Inmon, Strauss and Neushloss, 2008; List,
Bruckner, Machaczek, and Schiefer, 2002; Golfarelli and Rizzi, 1998; Bonifati, Cattaneo, Ceri,
Fuggetta and Papaboschi, 2001; Boéhnlein and Ulbrich-vom Ende, 2000; Herden, 2000). Data
warehousing grew out of organisations need for information, a data warehouse contains data
sourced from multiple heterogeneous systems within an organisation. The data from
heterogeneous sources are extracted, de-duplicated, cleansed, transformed and consolidated in a
data warehouse (Inmon, Imhoff and Sousa, 2001; Lujan-Mora and Trujillo, 2003, Kimball and
Ross, 2002, Imhoff, Galemmo and Geiger, 2003; Inmon, 2005; Reeves, Ross and Thornthwaite,
Kimball, 1998). A data warehouse is therefore, in essence, a repository that enables data from
multiple operational systems within an organisation to co-exist in a single database. At an
enterprise level, the advantage of a data warehouse to an organisation is that different business
areas of an organisation are able to subscribe to and obtain operational data from a data

warehouse.
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Additionally, the data in a data warehouse has one view that is consistent throughout an

enterprise (Inmon, 2001; Inmon, 2005; Inmon, 2008; Inmon, Imhoff and Sousa, 2001). A data

warehouse exhibits a number of characteristics, which distinguishes it from other operational

databases. Table 2-1 below outlines the differences between a data warehouse and an operational

database.

Distinguishing
Characteristics

Data Warehouse

Operational Database

Subject Oriented

Business data organized
around the key subjects: sales,
orders, locations

Business data organized
around the business
application systems it supports

Non-Volatile Data not subjected to editing Data is volatile because the
once is in the data warehouse. | applications they support
A Query returns the same frequently update the database
results no matter and how
often the query is run

Integrated Data derived from multiple Data derived from the
sources within and outside the | operational system it supports
organisation merged an ETL
process

Time Variant Every data structure in a data | Time elements are frequently

warehouse has a time element
to track historical and current
data values

updated

Table 2-1: Differences between Data Warehouse and Operational Database (Adapted from Todman, 2001;

Inmon, 2005)

A data warehouse system is a collection of decision support technologies, aimed at enabling

knowledge workers (typically executives, managers, and analysts) to make better and faster

decisions (Chaudhuri and Dayal, 1997). It is postulated from the above that the main reason why

an organisation engages in implementing a data warehouse is to support timely management

decision-making (Kimball and Ross, 2002; Inmon, 2005; Inmon, Imhoff and Sousa, 2001;
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Sperley, 1999). Figure 2-1 below illustrates end-to-end components of a corporate data

warehouse system.

END-TO-END COMPONENTS OF AN ENTERPRISE DATA WAREHOUSE
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Figure 2-1: End-to-end component of corporate data warehouse system (Adapted from Inmon, 2005;
Inmon, Imhoff and Sousa, 2001; Sperley, 1999)

2.3 The Key Components of a Data Warehouse System

The key components of a data warehouse system represent the components that must be
integrated, co-exist and function together for efficient operation of a data warehouse system. The
architecture of a data warehouse describes the components and services that make up a data
warehouse system in relation to how they fit together and how they scale for future growth
(Inmon, Imhoff and Sousa, 2001; Inmon, Strauss and Neushloss, 2008). The corporate data flow
architecture defines the components that are required to meet the various data objectives and
requirements of the business across an enterprise. The components include standards, principles

and methodologies (Hashmi, 2000).
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The benefit of a well architected data warehouse is that it is in alignment with a corporate

information factory framework as it adapts to new and changing business landscape (Moody et

al, 2000). A corporate information factory is the physical embodiment of the notion of

information ecosystem. It consists of external world, applications, integration, operational data

stores, data warehouse, data marts, intranet and internet, exploration and data mining, alternative

storage and decision support systems (Inmon et al, 2001). A corporate information factory is

therefore a landscape of organisation systems. Table 2-2 outlines the key components of a

corporate data warehouse system.

Component Layer

Description

Data Acquisition

Describes the acquisition of data warehouse source data

Data Processing

Focuses on data extraction, transformation and loading

Data Warehouse

Describes the data warehouse repository

Metadata

Describes attributes definitions, transformation and data quality rules

User Applications

Provides information to DSS users to make decisions

Table 2-2: The Key Architecture Components of Corporate Data Warehouse System (Adapted from

Sperley, 1999)

e A data acquisition layer (DAL) provides the source data that is integrated into a data

warehouse. The data in the data acquisition layer is sourced from a number of

operational, legacy and external systems and are processed into a data warehouse through

the components of a data processing layer (Imhoff, Galemmo and Geiger, 2003; Kimball
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and Ross, 2002; Inmon, 2005; Inmon, Imhoff and Sousa, 2001; Inmon, Strauss and

Neushloss, 2008).

e A data processing layer (DPL) encapsulates the activities associated with loading source
data into a data warehouse. The components in a data-processing layer are responsible for
staging the source data extracts. The main component of a data processing layer is an
ETL processing engine. An ETL engine is responsible for all the back room data
management processes and delivering data into a data warehouse (Caserta and Kimball,
2004; Mrunalini, Kumar, Geetha and Rajanikanth, 2006; Vassiliadis, Simitsis and

Baikousi, 2009).

e A data warehouse layer (DWL) is the destination database for storing data sourced from
multiple sources within and outside an organisation. A data warehouse contains subject-
oriented data entities normalized as a relational model (in corporate information factory
framework) or architected as a collection of fact tables with conformed dimensions (in
bus architecture framework). This way, a data warehouse delivers common view of
corporate data for an enterprise; it is also a data provider to other downstream user
applications within an organisation (Inmon, 2005; Imhoff, Galemmo and Geiger, 2003,
Kimball and Ross, 2002; Kimball, 1997; Reeves, Ross, Thornthwaite and Kimball, 1998;

Inmon, Imhoff and Sousa, 2001).

¢ A metadata component contains information that describes the details of the objects that
make up a data warehouse; this includes for instance, the definition of objects, entities

and attributes of a data warehouse. Metadata is described in the literature as data about
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data and it is important in resource discovery. Metadata take on different aliases in many
organisations; terms such as information library, data dictionary and information
directory have been used to describe metadata repository (Inmon, Imhoff and Sousa,

2001; Mallach, 2000; Malaxa and Douglas, 2005; Marco, 2000; NISO, 2004).

e User application layer (UAL) describes the types of applications accessing a data mart
layer in end-to-end data warehouse system. A number of applications in this layer include
applications deployed to write ad-hoc queries, standard end-user applications including
reporting and analytics applications and OLAP interfaces (Inmon, Imhoff and Sousa,

2001; Imhoff, Galemmo and Geiger, 2003).

The next Section looks at the phases of implementing a data warehouse
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2.4 Implementing a Data Warehouse

While the need for a data warehouse is clear, there is no clear consensus on the logical data
model on which to build a data warehouse (Rizzi, Abelld, Lechtenbdrger and Trujillo, 2006;
Kimball and Ross, 2002; Imhoff, Galemmo and Geiger, 2003; Inmon, 2005; Kimball, 2005;
Kimball 1997), however, two approaches based on multidimensional and relational data models
are commonly used to implement a data warehouse. In the literature, data warehouses using a
multidimensional data model are primary based on star schemas, here; a collection of dimensions
are joined to a central fact table usually through surrogate keys. The attractiveness of using a star
schema as the logical data model for a data warehouse is that it is less expensive, easier to build
and improves performance (Kimball and Ross, 2002; Kimball, 2005; Kimball 1997). On the
other hand, a relational data model is used for a data warehouse where the objective of the data
warehouse is to cater for needs of an organisation as a whole. In this approach, a relational data

model is used for large data warehouses (Galemmo and Geiger, 2003; Inmon, 2005).

In the literature, the starting point of any design work in implementing a data warehouse is a
conceptual design phase (Sperley, 1999; Tryfona, Busborg and Christiansen, 1999; Husemann,
Lechtenbdrger, Vossen, 2002; Herden, 2000). The main purpose of a data warehouse conceptual
phase is to identify the processes and components that are required to build, use and maintain a
data warehouse system (Sperley, 1999). A conceptual schema is a map of the key concepts and
associated relationships that is transformed into a logical design model; this becomes the basis
for the physical implementation of a data warehouse (Husemann, Lechtenbdrger and VVossen,
2002).
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In the industry, there is a difference between the logical data model of a data warehouse that is
oriented to the requirements of a business unit (within an organisation) and that oriented to the
requirements of an entire enterprise. As data warehouse development process progresses from a
conceptual phase to a logical phase in the development life cycle, a decision needs to be made to
determine the type of logical data model that will underpin a data warehouse. This decision as
important as it is has not been given the attention and focus it deserves in the literature. Very
little work exists that aims at data architecture in data warehousing, related work in this field is a
study that investigated which data warehouse architecture is most successful (Ariyachandra and
Watson, 2006). The study largely compared different architecture methods, based on four
measures (information quality, system quality, individual impact and organisation impact); it

determined which method is considered ‘Most Successful’ (Ariyachandra and Watson, 2006).

Data warehouses are very expensive initiatives, various failure rates ranging from one-half to
possibly two-thirds of data warehousing efforts end in failure (Hayen et al, 2007; Mark, 2005).
Hayen et al (2007) notes three factors relating to environmental, project and technical factors are
largely responsible for failure of data warehouses. Environmental factors are associated with lack
of support from senior management, strategic changes such as mergers and acquisitions,
corporate culture, organisation decision making and lack of business drivers. According to
Hayen et al (2007), project factors contributing to failure of data warehouses include lack of
understanding of complexity, workload and cost involved in such an undertaken, inability to
quantify return on investment (ROI), poor selection of tools, failure to understand and manage

project scope.
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Additionally, Hayen et al (2007) notes that technical factors impacting the success of data
warehouses include data quality, lack of understanding of data needed for a data warehouse and
lack of common definition of data across an organisation. Barlow (2013) notes building a data
warehouse requires careful consideration of the risks associated with building a data warehouse,
overtime, implementing a data warehouse may not be successful for a number of other reasons.
First, a data warehouse requires a solid business case, data warehouses that primarily emanates
from a technical perspective lacks business case because it is difficult to get “after-the-fact by-
in” from the business (Barlow, 2013). Second, a data warehouse requires executive sponsorship
and continuous engagement of the management for a data warehouse to be successful (Barlow,
2013). Third, lack of understanding of the scope of what can be achieved, rather than capturing
every data that an organisation encounters without careful consideration of the cost associated
with such an implementation, instead, implementation teams should balance the ideal with reality
of what can be achieved (Barlow, 2013). Fourth, Barlow (2013) notes, organisation should not
wait for data governance to be perfect before starting to develop a data warehouse and making
data governance a pre-requisite for building a data warehouse is costly because it may cause a

data warehouse project to collapse under its own weight.

While there are varieties of reasons why a data warehouse may be deemed a failure, the failure
rate of most data warehouse implementations is a reminder of the need to ensure that an

appropriate logical data model is adopted for a data warehouse. In data warehousing, the most
dominant logical data models are multidimensional and relational data models, the decision to
engage one logical data model at the expense of the other is influenced by a number of factors

that must be carefully considered,; this thesis explores and examines the degree to which these
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factors influences such a decision. Furthermore, the chosen logical data model for a data
warehouse influences the overall data warehouse methodology and the way the components of
the data warehouse system is architected and integrated. In data warehousing, multidimensional
data warehouses are based on a multidimensional logical data model. The rationale underpinning
the multidimensional approach is that a data warehouse is implemented to address the need of a
given user community, consequently, such a data warehouse is driven from the perspective of the
business users expressed in the business requirements document-BRD (Bruckner, List and
Schiefer, 2001; Prakash and Gosain, 2003; Sperley, 1999; Golfarelli and Rizzi, 1998; Husemann,
Lechtenbdrger and VVossen, 2002). In multidimensional data modelling, data elements such as
entities are denormalised to provide a structure that consists of dimensions and fact table
typically known as the star schema (Kimball and Ross, 2002; Sperley, 1999). A
multidimensional data model in most part contain the same level of information as a relational
data model, however, a multidimensional data model provides data in way that enhances the user
understanding of the data, improve performance and resilience to change (Kimball and Ross,
2002; Herden, 2000). In a multidimensional data model, all the dimensions are symmetrical to
the fact table enabling the queries that are based on a multidimensional data model to be
processed in a similar fashion (Kimball, 1995, 1997; Kimball and Ross, 2002). In the literature, a

number of advantages have been attributed to a multidimensional data model:

e First, multidimensional data model has limited complex data structures; this simplifies the
data relationship in a multidimensional data warehouse. The simplicity of the data model
allows a data warehouse to be structured in a way that makes it easier for the business users
to understand and query (Kimball, 1995, 1997; Kimball and Ross, 2002; Reeves; Ross,

Thornthwaite and Kimball, 1998; Sen and Sinha, 2005; Sperley, 1999).

Kazeem Oladele 30



Second, a multidimensional data model is considered a predictable and standard framework
that improves the end-user query performance and facilitates re-usability of components
through ‘bus architecture’ (Kimball, 1997; Reeves, Ross, Thornthwaite and Kimball, 1998;
Weininger, 2002). The bus architecture is a framework that allows dimensions to be re-used
across many fact implementations to provide a broader view of the organisation; dimensions
are conformed in bus architecture framework. In order to improve performance, a
multidimensional data model provides a fixed structure with no alternative join paths; this is
considered to greatly simplify queries evaluation and optimization in multidimensional data
warehousing (Kimball, 1995; Kimball, 1997; Golfarelli and Rizzi, 1998; Sen and Sinha,

2005).

Third, the general understanding of a well architected data warehouse is that its logical data
model must be in the form of a star schema. The star schema enables the dimensions of a
data warehouse to be connected to the central fact table using the surrogate keys (Husemann,

Lechtenborger and Vossen, 2002).

The alternative view of logical data modelling in data warehousing is a relational data model.
The relational data modelling approach has its root in the traditional relational database

development in online transaction application-processing (OLTP) sphere. The rationale

underpinning this alternative approach in data warehousing is based on the assumption that a

data warehouse is enterprise-wide in nature, as such; a data warehouse must not be biased

towards a given user community or any department within an organisation (Inmon, 2005;

Imhoff, Galemmo and Geiger, 2003; Tryfona, Busborg, Christiansen, 1999). This position is

based on the premise that different departments within an organisation usually require data in a
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variety of format to address their business needs. As a result, additional data processing is always

necessary to deliver data in the way required by a business area (Inmon, 2005; Imhoff, Galemmo

and Geiger, 2003; Inmon, Imhoff and Sousa, 2001). In the literature, a number of advantages are

attributed to a data warehouse implemented on a relational data model:

First, a relational data model provides capabilities such as enterprise data consolidation and
diversification, this enables different areas of an organisation to source data from the same
centralised data warehouse irrespective of how they want to finally see or use data in their

relevant departments (Inmon, 2005; Imhoff, Galemmo and Geiger, 2003).

Second, data warehouses based on relational data models are versatile, flexible and provides
a single source of consistent data within an organisation. A data warehouse using a relational
data model is oriented to the major subject areas of an enterprise (Inmon, 2005; Drewek,

2005; Inmon, Imhoff and Sousa, 2001).

Third, a relational data model enables a data warehouse to address generic and ‘unknown’
business requirements because most business users do not know the requirements they want
from a data warehouse until the data warehouse is built. Over time, a number of business
requirements are later submitted against the data warehouse (Inmon, Imhoff and Sousa, 2001,
Inmon, 2005; Inmon, Strauss and Neushloss, 2008; Tryfona, Busborg and Christiansen,

1999).

Fourth, a relational data model enables a data warehouse to be extended gracefully and
allows data elements to be combined seamlessly and cohesively (Inmon, 2005; Drewek,
2005; Imhoff, Galemmo and Geiger, 2003). The value of a relational data model to the

design of a data warehouse is that it is not only flexible; the model can be viewed from
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multiple different perspectives. The perspectives allow the data warehouse to support
different business reporting and analytic requirements within an organisation, thus, reducing
the occurrence of silo data marts in an organisation (Inmon, 2005; Drewek, 2005; Imhoff,

Galemmo and Geiger, 2003).

In the light of the financial and material costs usually associated with implementing a typical
data warehouse and given the high stake nature of most data warehouse implementations in
many organisations, this thesis investigates why the case organisations adopted multidimensional
and relational data models respectively for their data warehouses. In so doing, the thesis
examines decision making specifically the Naturalistic Decision Making (NDM) theory as the
theoretical framework for this research. NDM theory looks at decision making in high stake
situations characterised by stress and uncertainties. This thesis examines the theoretical
prescriptions of decision theories in general and explores how decisions are made in real-life

context. The next Section explores decision theories.

2.5 Decision Theories

Today’s decision-makers are faced with complex and interrelated problems that are routine and
dynamic in nature, as a result, a number of decisions are made rather a single decision; these
decisions are interdependent and the environment where they are made changes periodically
(Hassan, Spector, Davidsen, 2008; Johnson and Busemeyer, 2010). Decision theory is theory

about a decision; it is aimed at goal oriented behaviour given the available alternative options
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(Hansson, 1994). In order to understand how specific decisions are made, there is a need to have
concrete understanding of the context and knowledge underpinning such decisions including for
instance, the details regarding the organisation where the decisions are made, the political, social,
economic and historical factors that surround the decisions; not least, the participants taking part
in the decision making process (March and Heath, 1994). The classical theories of choice
interpret actions as rational choice (March and Heath, 1994; Simon, 1955). This approach
assumes people make rational choices based on a procedure for making informed choices. A
decision process is consequential and preferential because actions are anticipated and dependent
on future effects of today’s actions (Simon, 1955; March and Heath, 1994; Dillon, 1998; Jones,
1999). Also, alternatives are considered relative to expected consequences and personal
preference of the decision-maker (March and Heath, 1994; Jones, 1999). The theories of rational
choice are based on a number of assumptions within which a rational choice must take place, the
assumptions include ‘(1) the set of alternatives open to choice, (2) the relationship that
determine the pay-offs as a function of the alternative that is chosen, (3) the preference-
orderings among pay-offs’ (Simon, 1955, pp. 100). Rational decision making engages logic of

consequences, in so doing; a number of factors are considered. For instances:

e What actions are possible and what alternative choices are available?
e What are the effects of future expectations of current actions given the alternative

choices?

e What are the personal preferences of the decision-maker given the consequences inherent

in the alternative choices?
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e What decision rule directs how given values are associated with consequences which then
informs the choice that is made amongst the alternatives (Simon, 1995, March and Heath,

1994; Jones, 1999; Johnson and Busemeyer, 2005, 2010).

In a pure theory of rational choice, one school of thought assumes decision-maker exhibits
common sets of preferences; in this paradigm, the environment determines alternatives and
preferences. Also, a decision-maker has good knowledge of the available alternatives and
associated consequences (March and Heath, 1994). Another school of thought assumes that all
the possible alternatives and consequences of alternatives are known with certainty, that
preferences are not only known with precision and consistency, they are stable (March and
Heath, 1994). In further exploring decision-making, this thesis examines other aspects of
decision theory such as normative models of decision making, descriptive, prescriptive decision

making and discusses the naturalistic decision making.

2.5.1 Normative Decision Theory

Normative decision theory is about how decisions should be made in order to be rational, it is not
aiming at how people make decisions instead; it focuses on how people should make decision in
the absence of good information (Border, 1984; Hansson, 1994). Normative decision models are
derived from mathematical models such as utility and probability theories and statistics. The
models are termed normative because they use mathematical rules; the practice of using

mathematical rules is the norm in evaluating deviation of decision from the models (Baron,
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2004). In normative decision theory, constructing a decision model begins with a decision-maker
understanding the situation in which a theory is to be built (Brenna, 1995). As humans have
limited capacity in absorbing information to process complex tasks especially when faced with
value-laden situations surrounded by uncertainty, normative decision theory such as probability
provides a solution to lack of human capacity to handle complex tasks (Brenna, 1995). This is
done in two ways: First, a normative model allow complex problem to be broken down into
manageable parts, thus, reducing the implicit cognitive workload in normative decision making.
Second, normative model foster rational choice by linking alternatives or choices to norms that is

external to the decision problem thereby ensuring internal consistency (Brenna, 1995).

Normative decision techniques are appealing in situations where there is a need to engage
competing choices that must satisfy multiple criteria characterized by risk and uncertainty
(Brenna, 1995). Data warehousing decision such as adopting a multidimensional or relational
data model presents a dilemma for a decision-maker because the risk of failure is real and costly.
The choice of one data model over another is contingent on resolving uncertain future events
such as introduction of unknown business requirements to address changing business needs.
However, from a practical perspective, it is not immediately clear what are the benefits of
engaging normative mathematical models to determine the choice of logical data model for a

data warehouse. The next Section examines the descriptive decision theory.
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2.5.2 Descriptive Decision Theory

The theory of choice traditionally emphasises decision making as rational choices between
alternatives (Johnson and Busemeyer, 2005, 2010). Rational choice is based on expectations
given the consequences of action of previous objectives. The descriptive theory of decision
making focuses on the way people actually make decisions instead of prescribing an ideal
decision for a particular decision situation (Dillon, 1998; Johnson and Busemeyer, 2010). Dillon
(1998) identified three phases of decision making process in descriptive theory; the phases
correspond to intelligence, design and choice. In the intelligence phase, the need for a decision is
identified; this is called searching the environment phase. The design phase begins when the
environment search is completed; it involves investigating the domain problem and developing
alternative solutions to address the problem domain. In the last phase of descriptive decision
making, choice; an appropriate action is taken, a choice is made from the alternatives that were
generated in the design phase (Dillon, 1998). Figure 2-2 below illustrates the model of the

decision process.

Model of Decision Process

Intelligence Design Choice

[ k

Figure 2-2: The Model of Decision Process (Adapted from (Dillon, 1998))
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As illustrated above, each phase of the descriptive decision making is iterative; each phase may
call for further intelligence or generate additional problems which can contain implicit
intelligence, design and choice phases. The central theme of descriptive theory is bounded
rationality; this is also known as limited rationality (Dillon, 1998; Jones, 1999). Limited
rationality highlights the impact of cognitive obstacles to decision making in classical decision
theory. In bounded rationality, decision-makers intentionally wants to make rational decisions,
however, they are not always able to do so because of the inherent mismatch between the
decision that a decision-maker makes and the environment where the decision is made (Jones,
1999). In descriptive decision theory, there is an acknowledgement of uncertainty because a
decision maker does not know the likely future outcome of a given action. It is unlikely that
outcomes will match expectations because the decision-maker does not know all the alternative
options and not all consequences associated with an alternative option are evaluated. Instead,
decision maker satisfice rather than maximise the expected value; in so doing, the decision
maker selects an alternative that exceeds some laid down criteria instead of selecting the best
alternative amongst the available alternatives (March and Heath, 1994). The next Section

examines prescriptive decision theory.
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2.5.3 Prescriptive Decision Theory

The literature has explored the differences between how decision should be made and how they
are actually made, the conclusion was, the presence of potentially costly errors has not done
much to dissuade the tendency to make decisions using simplistic rule of thumb that sometimes
produce decisions that departs from those instructed by normative theories (Kunreuther et al,
2001). A prescription for correcting deviation from normative theories of decision making is
referred to as prescriptive model (Baron, 2004). In prescriptive theory, the problem is not really
that decision-makers are not necessarily unaware of the need to consider the consequences of
costly errors and the likelihood that such errors will occur, but rather, they have limited capacity
to process information in an optimal manner. In this case, a prescriptive rule of thumb is capable
of enhancing the normative process given that decision-makers have natural limitation to process
information. In prescriptive decision theory, the likelihood of risk is translated into a concrete
form that gives the decision-maker a clear context for evaluating risks (Kunreuther et al, 2001).
Prescriptive decision theory incorporates the framework of normative decision theory; the
advantage of prescriptive decision theory is that it is flexible enough to allow it to be tuned to the

needs of decision-maker as a prescriptive advice (Bell, Raiffa and Tversky, 1988; Dillon, 1998).

The next Section examines naturalistic decision making.
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2.5.4 Naturalistic Decision Making

The major contribution of naturalistic decision making (NDM) over the other theories of
decision making is describing how decisions are made in real-world setting. In contrast to the
prescriptions of rational theories of choice, in reality, decision makers are not creating alternative
options and are not evaluating options based on logic of consequences that is acceptable to a
decision maker. The observation in the literature is that in instances where decision-makers
compare options, rarely do they engage any form of systematic evaluation techniques (Klein,
2008). The focus of naturalistic decision making is looking at how people actually make decision
given constraints such as uncertainty, limited time availability, unstable conditions, high stakes
and vague goals. When making decisions, people are accessing and categorising situations using
their previous experiences to make judgements and each categorised situation engages a different

course of action (Klein, 2008).

In contrast to the model of rational choice which assumes decision-makers passively await the
outcome of the alternatives, in NDM, decision-makers actively engages action to change events
(Baron, 2004; Klein, 2008). In naturalistic decision-making, a decision-maker commits himself
or herself to a given course of action where acceptable alternatives exist although the decision-
maker may not necessarily compare those alternatives (Klein, 2008). In naturalistic decision
making, a leader engages action to understand his or her world instead of collecting information
in a passive manner (Klein, 2008; Azuma et al, 2006). The naturalistic decision making shifts our
perception of decision making from the model of rational choice to an approach that is based on

knowledge that draws considerable experience on the part of the decision maker (Klein, 2008).
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One of the key models of naturalistic decision-making is recognition-primed decision model
(RPD). The recognition-primed decision model explores how people make good decisions
without comparing options. The recognition-primed decision model seeks to describe how
decision-makers use past experience using repository of patterns and mental simulations (Klein,
2008). The pattern recognition provides reference, context and highlights potential cues,
acceptable goals and type of reaction to a typical situation. Within this framework, when people
make decisions, they match and compare current decision situation with past situations,
whenever there is a match, a course of action similar to previous decision situation is taken

(Klein, 2008).

Pattern recognition is not the only way people make decisions in recognition-primed decision
model; decision-makers also use mental simulations to evaluate possible options without
necessarily comparing the options. Mental simulation is engaged to see how a decision situation
will play out given current circumstances; a course of action is then initiated if mental simulation
is deemed to work. Otherwise, the decision-maker tries to improve or adapt mental simulation or
consider another cause of action that is satisficing enough. Satisficing entails choosing an
alternative option that exceeds a given target or a set of criteria (March, 1994; Klein, 2008). In
satisficing, alternatives are compared with a target until an alternative that is good enough is
located; this is in sharp contrast to the rational model of choice which stipulates that decision-
makers maximises and chooses the best possible alternative rather than satisfice (March, 1994).
The recognition-primed decision model combines intuition with analysis, having pattern
matching as the basis for intuition and simulation being the deliberate, conscious and analytical

element of the model (Azuma et al, 2006; Klein, 2008).
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A widely used decision model in high-stake decision situation is observation, orientation,
decision and action, also referenced as OODA loop. In OODA loop, the observation element
entails making an observation of the overall situation or simply, situation awareness. The
orientation element of the model involves judging a situation to understand what it means or
entails. The decision and action elements involve execution (decision making) and monitoring of
the decision (Azuma et al, 2006). Figure 2-3 illustrates an adapted model of recognition-primed

decision model.

Recoanition-Primed Decision Making

I—V(Exporlenca the Situation in a Changing Context )

Is the Situation
-<
Familiar?

Recognition has four aspects.
Plausible Relevant
Goals Cues

A4

Mental Simulation
of Action (n)

y

Yes, but
—
Modif; Will it Work?
e -

Yos

Implement |

Violated?

Figure 2-3: Recognition-Primed Decision Making (Adapted from Klien, G., 2008)

In the above recognition-primed decision model, as decision-maker experiences a dynamic
decision situation, he calls on his or her prior experience to determine if the situation is familiar,
if it is not, he or she seeks more information. If the situation is familiar, the pattern present the

relevant cues, identify plausible goals, provide expectancies and suggests the appropriate type of
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reaction for current situation, mental simulation is engaged to see how the situation will play out
(Klein, 2008). If the course action is deemed not workable, an alternative course of action is
sought, this continues until a workable action is identified. If a workable action requires further
modification, it is modified and finally when an acceptable course of action is identified the
course of action is implemented and a decision is made (Klein, 2008). In naturalistic decision
making, a decision-maker calls on past experience when confronted with a decision situation. In
recognition-primed decision model, experience is a source of wisdom in decision making;
consequently, a decision-maker adopts and executes the first solution deemed workable instead
of spending time evaluating many different options to obtain an optimal decision (Klein, 2008).

The next Section examines the propositions for this study.

2.6 Proposed factors influencing the choice of logical data model in data
warehousing

In implementing a data warehouse, a logical data model engages an architecture principle that
maps a conceptual phase to the real world of available software and processes. The logical data
model of a data warehouse reflects the decisions that an organisation has made reflecting its
principles and values (Sperley, 1999). The proposed factors influencing the choice of logical data
model for a data warehouse are the factors that must be carefully considered before the physical
implementation of a data warehouse is embarked upon in an organisation. The proposed factors
are the summary of the literature and the preliminary interviews conducted with the research
participants in the case organisations. The empirical data from the study is used to examine the
degree to which data supports the proposed factors influencing the choice of logical data model
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for a data warehouse. The proposed factors influencing the choice of logical data model for a

data warehouse are:

e High performance of query execution is a factor influencing the choice of logical data model

for a data warehouse (Golfarelli and Rizzi, 1998; Kimball, 1995; 1977; Sen and Sinha, 2005)

e Focus on specific or generic functionalities is a factor influencing the choice of logical data
model for a data warehouse (Inmon, 2005; Imhoff, Galemmo and Geiger, 2003; Kimball and

Ross, 2002; Reeves, Ross, Thornthwaite and Kimball, 1998; Kimball and Ross, 2004)

e The goal and scope of the data warehouse is a factor influencing the choice of logical data
model for a data warehouse (Inmon, 2005; Imhoff, Galemmo and Geiger, 2003; Kimball and

Ross, 2002; Kimball and Ross, 2004; Reeves, Ross, Thornthwaite and Kimball, 1998)

e The implementation orientation of available resources is a factor influencing the choice of

logical data model for a data warehouse (Hayen et al, 2007; Vassiliadis, 2004)

e Consolidation of enterprise data to meet heterogeneous reporting and analytics requirements
is a factor influencing the choice of logical data model for a data warehouse (Inmon, 2005;

Imhoff, Galemmo and Geiger, 2003)

2.6.1 High performance of query execution is a factor influencing the choice of logical data
model for a data warehouse

One of the decision factors that impact the choice of logical data model for a data warehouse is
the performance of a data warehouse. Improving the performance of a data warehouse is

discussed in the literature (Golfarelli and Rizzi, 1998; Kimball, 1995; 1977).
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It is important to address the performance requirements of the business users and a
multidimensional data model is often used as a way to achieve high performance in data
warehousing. However, the performance requirement of a multidimensional data warehouse is
considerably different from the performance requirement of a relational data warehouse oriented
towards an enterprise. High performance of query execution is an important consideration for a
data warehouse addressing the generic requirements of an enterprise. In data warehousing,
decision support queries requires significant aggregation and joining, in order to improve
performance, de-normalisation is usually promoted in multidimensional environment than
normalisation of the subject entities (Sen and Sinha, 2005). This is because a multidimensional
data model is seen as the technique that presents data in a standard intuitive framework that
allows for high performance (Kimball, 1995; 1977). As a result, the most important performance
consideration in data warehousing concerns the optimal selection of database objects such as
indexes, which is based on the logical data model adopted for a data warehouse (Golfarelli and

Rizzi, 1998).

2.6.2 The degree of focus on specific or generic functionalities is a factor influencing the
choice of logical data model for a data warehouse

The degree of focus on specific or generic functionalities is another important decision that must
be considered that impacts the choice of logical data model for a data warehouse. The degree of
focus on functionality is the extent to which a data warehouse is commissioned to engage a
particular task or sets of tasks (Inmon, 2005; Inmon, Imhoff and Sousa, 2001; Kimball and Ross,

2002; Sperley, 1999; Reeves, Ross, Thornthwaite and Kimball, 1998).
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The CIF framework presupposes an organisation implements a data warehouse spanning the
entire enterprise although it is recommended that this be carried out in phases, however, building
an enterprise data warehouse is a long and complex process requiring extensive data modelling
which may make take several years to succeed. In order to avoid long drawn out implementation,
some organisations are settling for data warehouses based on multidimensional data model
(Kimball and Ross, 2002; Reeves, Ross, Thornthwaite and Kimball, 1998). One reason why an
organisation may want to implement a multidimensional data warehouse is that it is faster to roll
out than a data warehouse based on a relational data model (Kimball and Ross, 2002; Reeves,
Ross, Thornthwaite and Kimball, 1998; Sperley, 1999). Additionally, data warehouses based on
multidimensional data models do not require enterprise-wide consensus (Chaudhuri and Dayal,
1997; Kimball and Ross, 2002; Reeves, Ross, Thornthwaite and Kimball, 1998; Prakash and
Gosain, 2003; Bonifati, Cattaneo, Ceri, Fuggetta and Paraboschi; 2001). A multidimensional data
model is used to implement a data warehouse that supports the specific functionality of the
business, as such, it is considered excellent for data processing and ensures good performance for
complex slice and dice operations (Imhoff, Galemmo and Geiger, 2003; Kimball and Ross,
2002). Furthermore, a multidimensional data model is extendable to support wider view of an
enterprise through conformed dimensions (Kimball and Ross, 2002; Reeves, Ross, Thornthwaite
and Kimball, 1998). In order to support the enterprise view of an organisation, conformed
dimensions are built as persistent master data; this enables consolidation of dimensions in
multidimensional data model supporting multiple fact tables within the bus architecture. Thus,
bus architecture framework enables multidimensional data models to support the enterprise view
of an organisation (Kimball and Ross, 2002; Reeves, Ross, Thornthwaite and Kimball, 1998;

Kimball and Ross, 2004).
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On the other hand, a data warehouse built on a relational data model is engineered to supports the
business rules of an entire enterprise. A relational data model is not oriented to the need of a
particular application requirement or to address the need for specific functional analysis. Instead,
it is designed to support an enterprise enabling the possibility of different types of reporting and
analytics across the firm (Inmon, 2005; Imhoff, Galemmo and Geiger, 2003). In this respect,
where high degree of focus on functionality is expected from a data warehouse, it is considered
reasonable to engage a multidimensional data model as the basis for a functional data mart. In
this situation, the data warehouse is implemented on a relational data model (Inmon, 2005;

Imhoff, Galemmo and Geiger, 2003).

As discussed above, a multidimensional data warehouse is extendable to support the enterprise
view of an organisation using conformed dimensions using bus architecture framework (Kimball
and Ross, 2002; Reeves, Ross, Thornthwaite and Kimball, 1998; Kimball and Ross, 2004).
While a multidimensional data warehouse is characterised as a data mart in the CIF framework, a
multidimensional data mart is considered a functional data warehouse in bus architecture

(Inmon, Imhoff and Sousa, 2001; Kimball and Ross, 2002; Reeves, Ross, Thornthwaite and
Kimball, 1998; Kimball and Ross, 2004). In this instance, it is perfectly plausible that having
considered all the factors relating to the criterion of functionality, a decision is made to engage a

multidimensional or relational data model as the foundation for a data warehouse.

Kazeem Oladele 47



2.6.3 The goal and the scope of a data warehouse is a factor influencing the choice of logical
data model for a data warehouse

One of the factors that impact the choice of logical data model for a data warehouse is the goal of
a data warehouse. The goal of a data warehouse ultimately defines the scope of a data
warehouse. The scope of a data warehouse where the goal of the data warehouse is oriented
toward an enterprise is larger than the scope of a data warehouse where its goal is oriented to the
need of a particular business area within an enterprise (Imhoff, Galemmo and Geiger, 2003). The
multidimensional and relational data models assume the requirements for a data warehouse
emerges from a business area and the whole of the enterprise respectively (Kimball and Ross,
2004; Imhoff, Galemmo and Geiger, 2003). However, the scope of requirements for an
enterprise is considerable than the scope of requirements from a functional business area
(Imhoff, Galemmo and Geiger, 2003). The differences in the scope of a data warehouse oriented
to a functional area and that oriented to the entire enterprise has implications for the meaning of
simple data concept within an organisation. For instance, different business areas see the
business concept counterparty in different ways. In one business area it may represent a
customer, in another, it may represent an intermediary; both are legitimate interpretation of
counterparty. From enterprise perspective, the meaning of counterparty includes the types
identified above and more (Imhoff, Galemmo and Geiger, 2003). From a critical analysis
perspective, both multidimensional and relational data models support the enterprise view of an
organisation (Inmon, 2005; Kimball and Ross, 2002; Reeves, Ross, Thornthwaite and Kimball,
1998). The difference is the stage where each supports the enterprise view of an organisation.
For instance, a multidimensional data warehouse implements the enterprise view of an

organisation via the bus architecture (Kimball and Ross, 2002). The bus architecture framework
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allows a multidimensional data model to capture the enterprise view of an organisation by
joining conformed dimensions to multiple fact tables through the surrogate keys. However, a
relational model is oriented to the enterprise view of an organisation right from the beginning of
the logical data model at the inception of a data warehouse project (Inmon, Imhoff and Sousa,
2001; Inmon, 2005). A decision that clearly sets out the goal, hence the scope of a data
warehouse is required; this decision directly impacts and influences the choice of logical data

model for a data warehouse (Imhoff, Galemmo and Geiger, 2003).

2.6.4 The implementation orientation of available resources is a factor influencing the
choice of logical data model for a data warehouse

The implementation orientation of available resources is another criterion that impacts the choice
of logical data model for a data warehouse. Resources in this context include the development
staff tasked with implementing a data warehouse, Vassiliadis (2004) notes that data warehousing
landscape is defined by “do-it-yourself” advice from experts and proprietary vendor solutions. In
the industry, there is an appreciable increase in the number of adopters of multidimensional data
warehouses (Kimball and Ross, 2004). Underlying this phenomenon is a perception that data
warehouses based on multidimensional data models are easier to implement and increases the
likelihood of quick-wins for the management. In the literature, one-half to two-thirds of data
warehousing efforts end in failure, it is not difficult to see why a risk averse implementation
team will gravitate towards a logical data model they have previous experience and avoid costly
experiments (Hayen et al, 2007; Mark, 2005). Objectively, there are situations where it is

appropriate to adopt a multidimensional data model as part of a business intelligence landscape.
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The common practice in most enterprise data warehouse implementations is to engage a
multidimensional data model as the foundation for a data presentation layer where it is accessed
directly by end users using reporting and analytical applications. However, end user reporting
and analytical applications in most cases are not permitted to interface directly with an enterprise
relational data warehouse (Inmon, Imhoff and Sousa, 2001; Inmon, 2005; Imhoff, Galemmo and
Geiger, 2003). Given the high visibility nature of most data warehouses and the risk adverse
nature of most implementation teams tasked with such undertaking, it is imperative to determine

the type of logical data model that is the foundation of a data warehouse.

2.6.5 Enterprise Data consolidation to meet heterogeneous reporting and analytics
requirements is a factor influencing the choice of logical data model for a data warehouse

Another criterion that affects the choice of logical data model for a data warehouse is the degree
that a data warehouse is required to address different reporting and analytics requirements of
diverse consumer groups within an organisation. One of the arguments often recognised as the
basis for implementing a data warehouse is the need to capture diverse set of business data in a
data warehouse (Inmon, 2005; Kimball, 2002; Tryfona, Busborg and Christiansen, 1999;
Weininger, 2002, Husemann, Lechtenbérger, Vossen, 2002). Integrating complex enterprise data
for various reporting and analytics requirements requires flexible data model that enables diverse
subject area entities to co-exist within a data warehouse. Large organisations have complex
business structures; however, complexities appear not to present a problem for a relational data
model. From a practical standpoint, it is far less challenging and demanding to integrate multiple
new business lines into a relational data warehouse than into a multidimensional data warehouse.

This is because most relational data models are usually oriented to the enterprise view of an
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organisation and focuses on complex data structures and interactions (Imhoff, Galemmo and
Geiger, 2003; Tryfona, Busborg and Christiansen, 1999). From an analytical perspective,
multidimensional and relational data models are complementary and in some ways engage a
similar approach in addressing the heterogeneous enterprise reporting and analytics requirements
of an organisation; For instance, both multidimensional and relational data models support
phased implementation approaches in developing large data warehouses. In a multidimensional
data warehouse, the phase approach begins with a business unit initiating a data warehouse; an
additional schema is layered on top of the existing multidimensional schema as more
requirements are introduced using conformed dimensions in bus architecture framework; In this
approach, a data warehouse is a ‘union of star schemas’ that models new business data. By using
the bus architecture framework, a data warehouse is able to provide the enterprise view of an
organisation enabling a data warehouse to address different consumer reporting and analytics
requirements within an organisation (Kimball, 1997; Kimball and Ross 2002; Reeves, Ross,
Thornthwaite and Kimball, 1998). Likewise, the CIF approach is iterative; this enables complex
data warehouse implementations to be broken down into multiple implementation phases
enabling the management and the business to see the benefits of their data warehouse at an early
stage. In this approach, an enterprise data warehouse focuses on integrating one line of business
at a time (Inmon, 2005). While the CIF approach needs to be iterative to have any chance of
success, in practice, there is a degree of integration activities that is required to ensure
compatibility between the different phases of the implementation cycles in order for a data

warehouse to address different consumer reporting and analytics requirements of an enterprise.
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2.6.6 Proposed Conceptual Model for Logical Data Model Selection

The conceptual model in figure 2-4 below is the proposed decision model for adopting a logical
data model for a data warehouse. The inputs into the proposed conceptual decision model are the

proposed factors influencing the choice of logical data model in data warehousing. These are:
e High performance of query execution
e Focus on specific or generic functionalities
e The goal and scope of the data warehouse
e The implementation orientation of available resources

e Consolidation of enterprise data to meet heterogeneous reporting and analytics

requirements
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Figure 2-4: Proposed Decision Model - Logical Data Model Selection Decision

The proposed conceptual decision model is based on review of literature distilling the proposed
factors influencing the choice of logical data model and the prescriptions of the naturalistic
decision making theory. In alignment with the recognition-primed decision making of
naturalistic decision making theory, decision-makers in the proposed conceptual decision model
relied on their past experiences when making a decision to adopt a logical data model for a data
warehouse. As discussed in Section 2.5.4, in this proposed conceptual decision model, mental
simulations, situation recognition and categorisation are dependent variables encapsulated within
the decision maker OODA loop; the outcome of the model is a decision pathway leading to an
adoption of a logical model for a data warehouse.
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2.7 Summary

This chapter presented a review of the literature on data architecture in data warehousing. The
chapter examined the overview of data warehouse system in general and discussed the key
components of a data warehouse system. The chapter identified and discussed the end-to-end
components of a data warehouse system including the data acquisition and presentation layers.
The chapter further explored the industry approaches for implementing data warehouses and
engaged the literature to discuss the implementation phases of a typical data warehouse system.
The chapter examined decision-making from a theoretical perspective and explored the classical
theories of choice, in so doing, the chapter examined the normative, descriptive and prescriptive

theories of decision making and further explored the naturalistic decision making theory.

The chapter further outlined and discussed a number of propositions that are considered the
factors influencing the choice of a logical data model in data warehousing. Finally, the chapter
presented the proposed conceptual decision model for logical data model adoption in data
warehousing. Based on naturalistic decision making and its recognition primed decision model,
the proposed conceptual decision model implements a decision pathway for logical data model

adoption in data warehousing.
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CHAPTER 3 - Research Methodology

3.1 Introduction

Social research methodologies are divided mainly into quantitative and qualitative methods.
Quantitative research use statistical methods and is characterized by direct manipulation of
independent variables. A research using qualitative methods use words to describe trends and
patterns to explain social phenomena. In pursuing the aim and objectives of this study, a number
of qualitative research methods are considered including action research, survey and grounded
theory, with case study method at the centre of the research effort for this study. Case study
method is an empirical enquiry that investigates contemporary phenomenon in its real-life
context and focuses on understanding the dynamics in a setting. An explanation of the different
types of case study methods is explored and the suitability of case method for this research is
examined. The research design for this study together with the method of data collection and the

components of the research framework are documented.

This chapter is divided into a number of Sections addressing key topics discussed in the chapter.
Section 3.2 looks at the overview of qualitative research and engages the literature to discuss the
philosophy underpinning different research paradigms. Section 3.3 looks at various forms of
post-positivist research methodologies and Section 3.4 examines the reasons for using case study
method for this research. Section 3.5 contrasts single case and multiple case methods and
examines when and why it is appropriate to use these methods. Section 3.6 examines the
research design framework for the study and Section 3.7 concludes with a summary.
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3.2 Overview of Research Methodologies

An exploration of philosophy is significant for three reasons with particular reference to research
methodology (Crossan, 2003). First, exploration of research philosophy helps a researcher to
specify and refine the research methods to use in a study and clarifies the overall strategy to
engage a study. This impacts the type of evidence gathered, its origin, the way in which the
evidence is interpreted, and how it helps to answer the research question(s). Second, knowledge
of research philosophy enables and assists a researcher in evaluating different methodologies and
avoids unnecessary work by identifying the limitations of a particular approach at an early stage.
Third, exploration of research philosophy helps a researcher to be creative and innovative in
selecting and adapting methods that were previously outside the researcher’s experience. A
research method can be described, examined and categorised at different levels, the philosophical
level focuses on assumptions relating to the most general features of the world, encompassing
aspects such as mind, matter, reason and proofs for knowledge. The philosophical aspects
underpinning methods and facilitate the classification of research methods into paradigms (Clark,
1998). One of the most pronounced features of contemporary social research is the range of
research perspectives that operates concurrently. Social science research is marked by plethora of
school of thought, each with its own theoretic assumptions, research methodologies, and
adherents (Orlikowski and Baroudi, 1991). The social phenomena studied in social research are
complex; the existence of a range of perspectives allows an exploration of phenomena from
diverse frames of reference. Orlikowski and Baroudi (1991) points out the dominant perspective
in information system research involves discussion of the status of information system research

vis-a-vis the norms of what constitutes a scientific discipline.
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The indicator of a research tradition is the extent to which there exists a set of dominant
philosophical assumptions or a worldview that informs the work of researchers in a discipline.
Social research methodologies are divided into two broad categories namely: quantitative and
qualitative methods. Quantitative research is characterized by direct manipulations of
independent variables combined with random assignment of participants to groups (Hancock and
Algozzine, 2006). Quantitative research uses numbers, normally in the form of statistics to
explain phenomena. Qualitative research on the other hand does not involve direct manipulation
of variables; rather, words are used to describe trends and patterns to explain social phenomena.
Apart from making a simple distinction of the use of measurement or description as the main
approach in collecting and analysing data, quantitative and qualitative research possess the

characteristics outlined in Table 3.1

Key Attributes Quantitative Research Qualitative Research Description
Description
Orientation Quantitative research uses Qualitative research uses
inductive approach to test deductive approach to generate
theories theories

Epistemology | Quantitative research is based | Qualitative research rejects
on a positivist approach positivism by relying on

inherent in the natural sciences individual interpretation of social

reality
Ontology Objectivist because social Quialitative research is
reality is regarded as objective | constructionist because social
fact reality is seen as a constantly

shifting product of perception

Table 3-1: Characteristics of Qualitative and Quantitative Research, Walliman (2006)
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The degree of control an investigator intends to exert on research processes influences the choice
of research methods (Yin, 2009). A method in relation to research at the most general level
means epistemology or the study of how we know things. This requires making strategic choices
ranging from whether to carry out experiments or perform participant observation fieldwork. At
a specific level, method is about technique, that is, what kind of sample to use, whether one
decides to engage face-to-face interview, conduct telephone surveys or carry out experiments
(Bernard, 2000). The consistency between the aim of a research, the research questions, the
chosen methods, and the personal philosophy of the researcher is essential and underpins the
rationale for any research project (Clark, 1998). In order to make any decision regarding the
method to engage a research, an understanding of the two extremes of research philosophy i.e.

positivism and post positivism should be explored and understood.

3.2.1 Research Philosophy — The Positivist Paradigm

Ryan (2006) notes using scientific method and language to investigate and write about human
experience is meant to keep research free of values, passions, politics and ideology of the
researcher, this approach to research is the positivist paradigm. The structure supporting
positivism is a modernist worldview. In modernism, only certain and empirical knowledge are
valid, and rational is valued over other ways of knowing such as intuition. Positivism seeks to
reduce everything to abstract and universal principles, and tends to fragment human experience

rather than treat it as a complex whole (Ryan, 2006).
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Positivist social researchers look for uniform, precise rules that organised social behaviour.
Positivists in the social and behavioural sciences examine simplified models of the social world
to see how a small number of variables interact. The language of positivism is a numeric one; the
goal is a series of statistical equations that explains and predict human behaviour (Rubin and
Rubin, 2005). The natural science approach emphasises universal laws of cause and effect based
on explanatory framework, which assumes realist ontology; that is, reality consists of a world of
objectively defined facts. The hypothetico-deductive method is the principal means by which
causal relationships are established. In this approach, the scientist’s ideal strategy is the
experimental control of subsets of variables in the service of testing, either verification or

falsification of prior theory (Hammersley, 1993).

The basic belief system of positivism is rooted in a belief that there exists a reality out there,
driven by immutable natural laws. Positivism is constrained to practice an objectivist
epistemology, if there is a real world operating according to natural laws, then the inquirer must
behave in ways that put questions directly to nature and allow nature to answer back directly
(Guba, 1990). Much of the work of the natural scientist concerns the methodological detailing of
operationalisation and measurement. Quantification is the sum of standardization, measurements
and numbers are crucial to the natural science approach, because they renders the concepts in
theoretical schemes, observable, manipulable and testable (Hammersley, 1993). This is also the
necessary, if not always the condition for the findings of research to be replicable and

generalisable (Hammersley, 1993).
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The critics of positivist epistemologies argue that division between objectivity and subjectivity,
public and private knowledge, scientific and emotional knowledge is socially constructed.
Dualistic ways of viewing the world are used to control ideas about what knowledge is
legitimate; knowledge cannot be divorced from ontology (Ryan, 2006). The proponents of the
alternative research philosophies such as critical and post-modern theory argue that the goal of
research is learning about contingent truth, truth that seems to hold at a particular time under
specified circumstances. Rather than assume neutral researcher, alternative paradigm assumes
researchers’ ideas and personality affects research and that the aim of research is to bolster social

or political agenda (Rubin and Rubin, 2005).

3.2.2 Research Philosophy — The Post Positivist Paradigm

The alternative epistemological position is expressed in the naturalistic or interpretive paradigm.
This is the result of the critique of positivist scientific method as the sole basis for understanding
human activity. The naturalistic paradigm draws on Dilthey’s view (1977) that a clear distinction
should be drawn between the disciplines of natural science and human science (Hammersley,
1993). While external observation and explanation of regularities in the physical events could
direct the natural science, Dilthey (1977) argue that human sciences should be premised upon a
search for meaning or understanding. The naturalistic paradigm is described by a number of
characteristics including a commitment to constructivist epistemologies, emphasis upon
description, explanation and representation of reality through the eyes of the participants. The
importance of viewing meaning of experience and behaviour in the context and full complexity

is one of the defining characteristics of naturalistic paradigm.
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So also is a view of scientific process generating working hypothesis rather than immutable
empirical facts and an attitude towards theorising which emphasises the emergence of concepts
from data rather than their imposition in terms of a priori theory (Hammersley, 1993).
Researchers that follow the naturalistic paradigm are critical of the application of scientific
model to the study of social world and have been influenced by different intellectual traditions.
Naturalistic researchers share a view that the subject matter of social sciences (people and their
institutions) is fundamentally different from that of the natural sciences (Bryman and Bell,
2007). This led to methodological pluralism in information research, rather than seeing the social
world from strictly positivist and post-positivist interpretive paradigm. Kaplan and Duchon
(1998) points out that combining quantitative method and qualitative method introduces
testability and context into research. Mingers (2001) suggests that research is richer and more
reliable if different research methods preferably from exiting paradigms are routinely combined
together, rather than advocating a single discipline be it positivism or post positivism. The next
Section examines the various types of qualitative research methods and in particular, the research

method for this study.

3.3 Qualitative Research Methods

Case study is a research method for conducting empirical investigation of contemporary
phenomenon in its natural context using multiple sources of evidence (Hancock and Algozzine,
2006). It is a study in which cases in real life context are selected and scored in a qualitative
manner (Dul and Hak, 2008). A case study is a history of past or current phenomenon, drawn

from multiple sources of evidence. It includes data from direct observation and systematic
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interviewing as well as from public and private archives. Any fact relevant to the stream of
events describing the phenomenon is a potential datum in a case study since the context is
important (Voss, Tsikriktsis and Frohlich, 2002). Gerring (2007) defines case study as an
intensive study of a single or small number of units (cases) for the purpose of understanding a
larger class of similar units. Dul and Hak (2008) considered case study as a useful research
strategy when the topic under investigation is broad and complex, when there is not a lot of
theory available and the context is very important. Research questions that ask “why” and “how”,
that require no control of behavioural events and focuses on contemporary events are suited to
case study method (Yin, 2009). Case study research is associated with description and theory
development, where it is used to provide evidence for hypothesis generation and exploration of
areas where knowledge is limited (Cavaye, 1996). Apart from case study method, there are other
forms of research methods that come under post positivist paradigm. Table 3-2 below presents

the different types of post positivist research methods in social research.

Research Method Description

Action Research Action research is mostly effective in an organisation setting
as a practical way of dealing with organisation problems by
means of mobilizing and involving social science in a
specific manner. In action research, the question presented,
which is the object of the study is jointly addressed by the

researcher and the researched (Beinum, 1999)

Archival Research Archival research is recording behaviours from historical

records. Archival research strategy allows research questions,
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which focuses upon changes over time to be answered. It
involves looking at historical records or archives to measure
behaviours and events that occurred in the past (Gravetter et

al, 2000)

Content Analysis

Content analysis involves using the techniques of
behavioural observation to measure the occurrence of
specific events in the literature, movies, television programs
or similar media that presents replica of behaviours

(Gravetter et al, 2009)

Survey Method Surveys are based on desire to collect information usually by
questionnaire from a sample of respondents from a well-
defined population (Czaja and Blair, 2005)

Grounded Theory Grounded theory explores social processes present in human

interactions. This research method is different from other
qualitative research methods because the primary purpose of
using grounded theory is to develop a theory about dominant
social processes rather than to describe a particular

phenomenon (Speziale, Streubert and Carpenter, 2007)

Table 3-2: Qualitative Research Methods in Social Science (Adapted from Beinum, 1999; Gravetter et al,
2009; Czaja and Blair, 2005; Speziale, Streubert and Carpenter, 2007)

The next Section looks at the reasons for using case study for this research.
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3.4 Reasons for using case study research method

Case study research is associated with description and theory development, it is used to provide
evidence for hypothesis generation and exploration of areas where knowledge is limited

(Cavaye, 1996). Case study is an empirical enquiry that investigates contemporary phenomenon
in its real-life context, especially when the boundaries between phenomenon and context is not
clearly evident and relies on multiple sources of evidence (Shanks, 2002). Case study is a
research strategy that focuses on understanding the dynamics in a setting. It combines data
collection methods such as archives, interviews, questionnaires, and observations. Case studies is
used to accomplish various aims including providing description, testing or generating theory

(Eisenhardt, 1989).

Stake (1995) points out the real business of case studies is particularization, not generalization, a
case is chosen and the researcher come to know it well, not primarily to know how it is different
from others, but what it is and what it does. The emphasis is on understanding the case itself. A
number of studies have used case study method to engage research, this included Allison (1971)
study of Cuban missile crisis; Yin (2003) description of case study of neighbourhood
organisation and Selznick (1949) description of Tennessee Valley Authority (TVA). Case study
research is an intensive study of a single or small number of units (cases) for the purpose of
understanding a larger class of similar units (Gerring, 2007). Although natural sciences and
naturalistic research are legitimate research methods of enquiry, it is important to determine the
relevance and appropriateness of a research method to the phenomenon under study (Gillham,

2000).
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The choice of research method is affected by the type of research question being investigated, it

is also affected by the degree of control a researcher has on the process and the degree of focus

on contemporary as opposed to historical events (Yin, 2009). Applying the above prescriptions

against this research produces the following observations:

The focus of this research is to study an empirical phenomenon. This research intends to
study, explore and explain why pluralistic data architecture exists in data warehousing. In
so doing, the research aims to examine the reasons behind this phenomenon based on the
research propositions.

Case study method is appropriate for a research where the investigator is not aiming to
influence the research. The focus of this research is not to influence the phenomenon
under study; rather, it aims to gain an understanding and examine the reasons behind the
phenomenon under study. This research is not attempting to influence the decision to
adopt a particular logical data model for a data warehouse, be it multidimensional or
relational data model. Rather, the research aims to explore the factors behind the reasons

for adopting the existing data models in the case organisations.

The choice of research method to conduct an empirical study is affected by the degree of
focus on contemporary as opposed to historical events (Punch, 2006). This research
focuses on empirical phenomenon in the observed increase in the number of
organisations adopting both the multidimensional and relational data models for their
data warehouses. The research aims to explore and examine the factors behind the

decision to adopt these data models in the research units of analysis.

Case study method is appropriate for studies where the phenomenon being researched is

studied in its natural setting (Hancock and Algozzine, 2006). This research is conducted
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within the organisations that implemented the multidimensional and relational data model
respectively for their data warehouses. This allows the investigator to engage with the
actors and stakeholders that took part in the decision to adopt the data models under

investigation.

The next Section looks at the research design for this study.

3.5 Research Design Framework

Research design is the blueprint of a case study research (McCoy et al, 1993). It is a plan for
assembling, organising and evaluating information according to the problem definition and
specific goals for how to use a research finding. This Section focuses on the research design for
this study; in particular, it discusses the research methodology to engage this study and in

particular the components of the research design framework.

3.5.1 Components of Research Design Framework

Figure 3-1 below outlines the components of this research framework, each of the research

components aligns with a chapter in this thesis.
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COMPONENTS OF RESEARCH FRAMEWORK

Chapter 1 o Chapter 2, Chapter 3 —% Chapitrs 4 & 5 ——» Chapler &6 ———= Chapter 7
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FARTICIPANTS HOAFITAL

Figure 3-1: Research Design Framework (Author Proposed)

3.5.2 Research Topic, Aim and Objectives

The research design framework provides the pathways for conducting this study. The research
topic provides the basis for the study and is the link between the research framework and the
research question. The framework is organised around the research question; the research
question determines how the participant interviews are organised and conducted within the study
unit of analysis. This research investigates pluralistic data architectures in data warehousing. The
aim of this research is to examine the decision factors influencing the choice of logical data

model for data warehouses in the industry. The objectives of the research are to:

¢ Review the state-of-the-art in data warehouse development in order to distill the factors

affecting the choice of data model in data warehousing.
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e Synthesise the literature in order to try and develop a framework impacting the choice of

logical data model in data warehousing.

e Undertake comparative case study in the organisations using the multidimensional and

relational data models to test the factors impacting the adoption of logical data model for

a data warehouse
e Evaluate the outcome of the study to determine the alignment of the decision factors in

practice and contributions to theory

3.5.3 Research Propositions and Theory Development

This thesis make a number of propositions which are developed from the literature and data
collected from preliminary interviews of research participants. The research topic guides the
literature review on data architecture in data warehousing, the research method and data
collection instruments to examine the research propositions. The research propositions are the
factors that the investigator considered influenced the decision to adopt multidimensional and
relational data models respectively in the case organisations. This research collects empirical
data to test the validity of the proposition by critically examining the degree to which the
empirical data supports or disproves the research propositions. Table 3-3 outlines the research

proposition for this study.
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Research Research Propositions - Factors affecting the choice of logical

Proposition data model for a data warehouse

(Abbreviated)

RP1 High performance of query execution is a factor influencing the
choice of logical data model for a data warehouse

RP2 Focus on specific or generic business requirements is a factor
influencing the choice of logical data model for a data warehouse

RP3 The goal and scope of the data warehouse is a factor influencing the
choice of logical data model for a data warehouse

RP4 Implementation orientation of available resources is a factor
influencing the choice of logical data model for a data warehouse

RP5 Consolidation of enterprise data to meet heterogeneous reporting and

analytics requirements is a factor influencing the choice of logical
data model for a data warehouse

Table 3-3: Outline of the Research Propositions

3.5.4 Unit of Analysis and Data Collection

This research is a comparative case study; it adopts two-case approach to address the research
question. A research designed to test propositions requires more than one unit of analysis
(Bernard, 2006). The use of multiple cases provides the basis for collecting and matching
evidence that ultimately increases the confidence in the outcome of a research (Yin, 2009). The
units of analysis for this research are GWealth and ICapital. These organisations are wealth
management and investment banking divisions of tier 1 European global banking institution,

TBank. The research question focuses on these organisations and provides the basis for data

collection instruments for the study.
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The data model for the GWealth reporting data warehouse is based on a multidimensional data
model, this is often called the Kimball approach. A multidimensional data model provides the
foundation for Online Analytical Processing (OLAP) and its derivatives including ROLAP and
MOLAP. The primary data model for ICapital Risk and Finance data warehouse (RFDW) is a
relational data model. The data model aligns with the so-called Inmon approach. The primary
mode of data collection for this study is through the interview of research participants at
GWealth and ICapital. The interview questions were derived from the research question,
literature and the preliminary interviews conducted with the research participants. The research
question provides the basis for collecting the empirical data to test the validity of the research
propositions. For this study, the interview questions were addressed to manager grade staff at
GWealth and ICapital. In total, twenty-one participants from GWealth and ICapital took part in

the study. Table 3-4 presents the breakdown of the research participants for this study.

Organisation | Title of Research Area of Responsibility | Number of
Participant Participants
GWealth Director Reporting Architecture | 2
Program Manager Program Management | 1
Project Manager Program Management | 1
Development Manager Development 2
Senior Business Analyst | Development 1
Senior Developers Development 3
ICapital Director Enterprise Architecture | 2
Program Manager Program Management | 1
Project Manager Program Management | 1
Development Manager Development 2
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Senior Business Analyst | Development 2

Senior Developers Development 3
Total Research Participants from GWealth & ICapital 21
Total Research Participants from GWealth 10
Total Research Participants from ICapital 11

Table 3-4: Research Participants from GWealth and ICapital Case Organisations

The key stakeholders outlined above are the source of the empirical data for this research, their

roles in the context of the organisation structure is briefly described below:

Director Architects: Both GWealth and ICapital operates an organisation structure where
director grade staff heads a department or technology function; a director holds and
controls spending activities within his/her function and is part of the funding group. All
technology development initiatives that meets the need of the business requires a
director’s approval, therefore, a director has a stake in any project requiring his or her
approval. Four director architects were part of this study, two each from GWealth and
ICapital.

Program Managers: Two program managers, one each from GWealth and ICapital were
part of this study. The program managers were part of the funding group at GWealth and
ICapital

Project Managers: Two project managers, one each from GWealth and ICapital were part
of this study. The project managers were part of the execution team responsible for

developing the data warehouses at GWealth and ICapital
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e Development Managers: Four development managers, two each from GWealth and
ICapital were part of this study. The development managers were part of the execution
team responsible for developing the data warehouses at GWealth and ICapital

e Business Analysts: Three senior business analysts, one from GWealth, two from ICapital
were part of this study. The business analysts were part of the execution responsible for
developing the data warehouses at GWealth and ICapital

o Developers: Six senior developers, three each from GWealth and ICapital were part of
this study. The developers were part of the execution team responsible for developing the

data warehouses at GWealth and ICapital

The primary focus of this research is logical data model adoption for a data warehouse, a
decision was made not include the end-users in this research based on the preliminary response
from the user community. This was because the users indicated ‘they prefer to leave the
structural design issues to the development team and that it is up to the development team to
deliver the data required by the business’. On that basis, the focus of this research is purely on
the technical community. The interviews of GWealth and ICapital staff were conducted in
parallel stream enabling the investigator to collect empirical data specific to each case, based on
work schedule and availability of the research participants. This approach enabled the
investigator to engage in early analysis of the data to determine if additional follow-up

interviews are required to collect more data.
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3.5.5 Presentation of Results and Linking Data to Propositions

Chapters 4 and 5 of the thesis are devoted to presentation of results and linking of empirical data
from GWealth and ICapital cases to the research propositions. The main logic for linking the
empirical evidence to the research propositions is through analysis and interpretation of the field
data. Data analysis consists of transcribing; coding, categorising, tabulating, comparing and
contrasting the evidence to draw empirically based conclusions. This research engages grounded
theory approach as the method of analysing the empirical data for this study; there are two
schools of thought in grounded theory. One school of thought takes the position that a researcher
should have an empty mind — Glaser school of thought. The other school of thought permits a
researcher to have a general idea of the area under study —Strauss school of thought (Jones and
Alony, 2011). This study aligned with the Strauss school of thought that permits a researcher to
have a general idea of the area under study; these ideas are expressed as the research
propositions. Figure 3-2 illustrates the steps to link the empirical data to the research

propositions.
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PRESENTATION OF RESULTS AND LINKING DATA TO PROPOSITIONS

TRANSCRIBE DATA OPEN CODING
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Figure 3-2: Presentation of Results and Linking Empirical Data to Propositions (Adapted from
Graham R. Gibbs (2007))

3.5.6 Transcribe Data

A recording device was used to capture the interview sessions with a research participant.
Following each interview, empirical data was transcribed into a readable text using Microsoft
Word. The investigator carried out the manual work of transcribing the interview data, this
ensured data quality is maintained and the investigator is familiar with the data at early stage.

Microsoft Excel and Microsoft Word were used as the data analysis software for this study.
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3.5.7 Apply Code to Text

Table 3-5 outlines the steps for linking data to propositions using grounded theory open coding

method.

Step

Description of Open Coding Activities

1

Applied descriptive codes to every line of the text — This step involved
assigning codes for every row of transcribed data; the code for a line of
text describes and captures the essence of the line of text from the
perspective of the research participants.

Translated the descriptive codes into analytical codes — This step
involved transforming the descriptive codes in step 1 with codes that
introduced analytical context to each coded data.

Compared codes to ensure similar texts and passages were applied
similar codes for consistency and saturation — This step involved going
over the empirical data and ensuring data with similar themes are coded
in the same way.

Identified categories amongst the analytical codes in MS Excel — This
step involved collating the analytic codes in MS Excel and identified a
category which a set of analytic codes aligned.

Identified main analytic category codes in MS Excel — This step involved
creating top level or main category codes under which the category codes
(developed in step 4 - above) rolls up, thus, the category codes in step 4
became sub-category codes and rolls up to main category codes.

Identified category properties — In this step, sub category codes in step 4
were transformed as properties of the analytic main category codes in
step 5 - above.

Created data frequency count of the analytical codes in MS Excel —This
step involved counting and aggregating the number of times an analytic
code appeared in the empirical data in MS Excel.

Table 3-5: Steps Linking Empirical Data to the Research Propositions
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3.5.8 Align Analytic Categories (Analytic Codes) with Propositions

Table 3.6 outlines the steps used to align the analytical codes with the research propositions

Step

Description of Activities Linking Analytic Codes with Propositions

Created aggregated count of frequency for the analytic codes

2 Created frequency analysis table for the analytic codes

3 Calculated the cumulative numbers and cumulative percentages of each of
the analytic codes and presented the details in tabulated frequency analysis
table

4 Created Pareto chart of the frequency analysis table and opened discussion
on presentation of result in the result chapters — PRESENTATION OF
RESULTS (GWEALTH), PRESENTATION OF RESULTS (ICAPITAL)
chapters 4 and 5 respectively

5 Presented and discussed the propositions in the result chapters. Comparative
frequency analysis of the analytic codes is presented and discussed

6 Each analytic code is discussed in relation to the proposition it supports. An

analytic code with similar theme as a proposition is judged to align with the
proposition. If an analytic code aligns with a proposition and the analytic
code has the highest percentage relative frequency compared to other
analytic codes that proposition is judged as supported by data

Table 3-6: Steps Linking Analytic Codes with the Research Propositions
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3.5.9 Data Analysis

Data analysis is a process of moving from raw interviews to evidence-based interpretations that

are the foundation of published report. Data analysis entails classifying, comparing, weighing

and combining materials from interviews to extract meaning and implications, to reveal patterns

or to align the descriptions of events into a coherent narrative (Rubin and Rubin, 2005).

Figure 3-3 below outlines the data analysis steps for this study.
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Figure 3-3: Data Analysis (Adapted from Graham R. Gibbs (2007))
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The investigator explored and discussed the causal relationships between the analytic codes
presented in chapters 4 and 5. The discussion addressed how the analytic codes connected to
each other. Sub categories and category properties were used to drive the discussions of the
relationships between the analytic category codes. As part of the data analysis, the investigator
examined each of the analytic code variables in detailed and presented the ratings of the each of
the analytic codes for GWealth and ICapital cases. Additionally, the findings of the research are
discussed; using Chi Square statistical method, the degree of significant relationship between the
research code variables and the logical data models is explored and discussed. Furthermore, the

degree of relationship between the analytic code variables is explored and discussed.

3.5.10 Description of Units of Analysis

The GWealth is the wealth management business of TBank serving affluent and high net worth
clients with offices in 25 countries across key business areas including Private and International
Banking, Wealth Advisory, Research, Economics and Strategy. The ICapital is the investment
banking arm of TBank and a major player in the global financial markets offering investors a
range of security products including Equities, Government and Corporate Debt Instruments,
Commodities, Securitization, Credit, Credit Derivatives and Interest Rate products. The next two
chapters, Chapter 4 and Chapter 5 are devoted to presentation of results from GWealth and

ICapital case studies.
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3.6 Summary

This chapter examined the research method for this study and provides an overview of research
methodologies in social science. The chapter explored the underlying philosophy underpinning
social science research and looked at the positivist and post-positivist research paradigms. The
chapter acknowledged the scaffolding supporting positivism is modernism and outlined the
alternative view to the natural science research, the naturalistic approach. The chapter further
outlined and discussed the different types of research methodologies within the post-positivist
paradigm and provided the justification for using the case study method for this research.
Furthermore, the chapter examined the research design for this study and explored the means of
data collection and data analysis for this research. Finally, the chapter outlined and discussed the

components of the research framework for this study.
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CHAPTER 4 - Case Study: GWealth

4.1 Introduction

This chapter presents the outcome of the case study at GWealth, the wealth management division
of global financial institution TBank. The chapter focuses on presentation of interview results
and alignment of the findings with the research propositions. The data collection method for this
research is through interview of research participants. In presenting the result of this case study,
the interview data was transcribed and transformed through grounded theory open coding
methods involving line-by-line coding, translation of the descriptive codes into analytic codes,
repeated comparison of the descriptive codes and the analytic codes for saturation, and

identification of core themes from the analytic categories codes.

This chapter is divided into three Sections; Section 4.2 presents an overview of the GWealth
management including its key business areas. The Section looks at the background of the
GWealth reporting project, the project definition and the objectives including the architecture of
the GWealth reporting data warehouse. Section 4.3 presents the findings of the case study and
alignment of interview results with the research propositions. Lastly, Section 4.4 concludes the

chapter with a summary.
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4.2 The GWealth Management

GWealth is the wealth management arm of a major European financial institution TBank. It is
one of the leading global wealth managers, and the UK’s largest, with total client assets of
£134.1bn, as at 30 June 2011. GWealth has offices in 25 countries and serves affluent, high net
worth and intermediary clients world-wide. The company is divided into a number of key
businesses including national and International Private Banking, Brokerage and Online Services.
Other businesses include Wealth Intermediary and Advisory, Economics, Research and Strategy
divisions. The national and international banking arm of the business offers bespoke banking and
investment solutions through its network of global regional offices. GWealth offers diverse
services to its global clients’ including Financial Planning and Advisory, Discretionary
Investment Advice, Bespoke Banking and Investment Solutions to high net worth individuals.
GWealth also offers investment advice across the asset classes including Wealth Structuring.
GWealth international banking business operates in onshore and offshore markets and covers

around 8, 400 clients in over 144 countries.

GWealth intermediary arm of the business provides financial advice, products and services to
wealth intermediaries and corporate organisations seeking offshore and cross border banking.
The arm also offers a range of services to the financial needs of expatriates and non-UK

nationals. Typically, GWealth intermediary clients are required to have between £10,000 and

£100,000 of asset to invest.
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International premier banking clients are required to have between £100,000 and £500,000 of
asset to invest. The wealth advisory is the fiduciary and tax-led business of GWealth. It provides
clients with a range of holistic wealth planning and structuring services and acts as the center of
excellence for tax and fiduciary related issues. GWealth also has business operations in the
Americas offering investment to ultra-high net worth clients; services offered to these clients are
asset management, capital markets execution and trust services. GWealth operates in 12 regional

office locations in the Americas.

4.2.1 Background of the Data Warehouse Project

In wealth management, client reporting is a key service differentiator and an area in which
GWealth lagged behind its competitors. Although the service is considered a utility within the
sector, a number of problems exist with current processes, technology and procedures within the
organisation. Pre-data warehouse, client reporting process was manually intensive requiring two
full-time teams dedicated to producing the client reports. The manual nature of producing the
reports meant that significant efforts and time were expended each month creating the client
reports and that process can take up to twenty five business days before reports were fully
created and issued. Although the general data quality of the reports were considered to be good,
the process to ensure this is the case was equally manually intensive and required series of
checks and validation steps to ensure that correct data is presented in client reports. Additionally,

the reports were difficult to customise to meet the client needs and often branded inconsistently.

Furthermore, there were distribution issues associated with delivering the reports to the clients;
there are no electronic delivery mechanisms and consolidated clients mailing system in place.
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The reporting data warehouse project was commissioned to implement a solution to address the
problems described above and to deliver a strategic client reporting capability for GWealth. An
outside vendor was engaged in an eight week exercise to investigate the use of a centralised
information store (a data warehouse) for use within the wealth management. In addition, analysis
was carried out to establish the importance and the benefits of such strategic information store
for client reporting and GWealth. This work has since been completed and recommendations
accepted by GWealth. Accordingly, the data architecture team was subsequently charged with

implementing and delivering a strategic client reporting data warehouse for the organisation.

4.2.2 Project Definition and Objectives

The strategic goal of the reporting data warehouse is to facilitate the delivery of best of breed of
client reporting solutions across wealth management at GWealth. In particular, the
implementation focuses on affluent and high net worth UK booked clients and international
clients. The clients reporting project was initiated to streamline the production of high quality
reports that is capable of being customised to individual client preferences and segments;
including performance against model asset allocation. The reporting project also aims to provide
a consistent global delivery of reports on multi-channel basis across the group as well as
providing flexible fulfillment options, supporting increased report production throughputs and

reduced client attrition.
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4.2.3 The Data Warehouse Architecture

The reporting data warehouse provides the data platform for client reporting within GWealth.
The data warehouse obtains data feeds from a variety of locations onshore and offshore and from
array of systems from these locations. The source files from the operational systems are
transferred using a file transfer utility, the utility is used to move source feeds into a file share
server where they are loaded into a staging database. Figure 4-1 illustrates the end-to-end

architecture of GWealth data warehouse system.

GWEALTH END-TO-END DATA WAREHOUSE SYSTEM

Reporting Team
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Figure 4-1: End-to-End Architecture of GWealth Data Warehouse System
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Using an ETL tool, the data in the staging database is subsequently transferred into the
multidimensional data warehouse illustrated in Figure 4-1 above. The GWealth reporting data
warehouse is populated in alignment with the transformation rules in the technical design
document (TDD). The ETL tool for the reporting data warehouse is high-end and sophisticated,
the ETL tool is used to read data from the staging database and apply the transformation logic to
populate the data warehouse model, which implements a single schema. At high-level, the tasks

performed by the ETL tool include:

e Implementation of feed dependency logic required to load data into the dimensions and

facts table
e Extraction of data required by each transformation process from the staging database

e Application of transformation logic to staging data in relation to the rules defined in

mapping and transformation specification document.

Finally, a workload scheduler is used to manage the job-loading schedules and to orchestrate
each of the ETL processes to load data into the reporting data warehouse. The scheduler is used
for tasks such as initiating the batch load run and to manage the job dependencies. Figure 4-2

illustrates the GWealth star schema data model.
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Figure 4-2: Client Reporting Conformed Dimension Data Architecture (Adapted from GWealth
architecture artifacts)

The next Section presents the implementation of research design for this study.

4.3 Implementation of Research Design for GWealth

As indicated in Section 3.5, research design is the blueprint of case study research (McCoy et al,
1993). Research design is also a plan for assembling, organising and evaluating information
according to the problem definition and specific goals for how to use a research finding. This
Section describes the open coding activities carried out to identify the GWealth analytic category

codes by transforming the empirical data collected from the research participants.
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4.3.1 Transcription of GWealth Data and Applying Code to Text

As indicated in Section 3.5.6, a recording device was used to capture the interview sessions with
the research participants at GWealth. Following each interview, empirical data was transcribed
into a readable text using Microsoft Word. A sample of transcribed interview data is illustrated

below in Figure 4-3.

TRANSCRIBED EMPIRICAL DATA

KO

What is the impact of ensuring high performance of query execution on the choice af the
multidimensional data model for the veporting data warehouse?

SMMMBW

[ think it is extremely important, I think vou need to kind of consider what tvpe of queries the
user would want to run before vou choose a particular model and, here our data warehouse
wasn't that big to be honest. At - we have millions of transactions coming through every
single day and again we found performance wise a dimensional model served the purpose of our
needs so we built _ on top of that in - and again the same we had it here;
it seems to work a lot better. That said, the performance is also impacted by the database that vou
choose to use so, [ think the moment that vou choose and the hardware that vou choosing to
implement that model on, verv very tightly coupled so we did have problems; I'm not sure if vou
are aware of the whole |JJJJJll side of things and so vou could choose the best model in the
world and vou could design it to perfection, but if vour hardware is not there to support that
model, vou're still going to have those problems. If vour hardware is not up to the scratch, vou
will struggle and extending that; how vou choose to load it would be another thing. Here we use
and it’s a very high performance tool, ETL tool, I did have previous experience in
previously and this would not want to sav anvthing about _ as such, but at
we moved from to [l s to give vou a real life kind of example, it was
taking 22hrs with toload all the data that we need into [l warchouse and we
have 24 hours in a dav, so any problem that came up, vou got just 2hrs to deal with it and
obviously that was extremelv difficult to maintain. We moved it to - and we got it down
to4 to 6 hrs, So it was quite a significant saving — we found the version we were on in
. the version of _that they gave us at the time comparable with what .
could do for us was massively different. So all those things, I just want to retreat the point,
it is very important to choose the right model, but then if vou don’t have the tool to stand behind
that model, it’s kind of worthless; vou lost all of the benefit that vou might got with it.

Figure 4-3: Transcribed Empirical Data from GWealth Research Participant
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As indicated in the research design for this study, the next step carried out by the investigator as
part of the open coding process to identify the thematic categories for the study was line-by-line
coding of transcribed data. Line-by-line coding for this study involved applying descriptive code
to each row of text of transcribed data. A descriptive code is a description of what is happening
in a particular row of text that is interpreted by the investigator; therefore, a descriptive code
captures the essence of a row of text (Gibbs, 2007). For this research, the investigator imported
transcribed data from MS Word into MS Excel where line-by-line coding was carried out. A

sample of line-by-line coding in MS Excel is illustrated in Figure 4-4 below.

EMPIRICAL DATA: LINE-BY-LINE CODING

Transcribed Data ~ | Apply Code to Text: Descriptive M
The main reason why | chose dimensional structure for a warehouse would be Performance is the main reason why | chose dimensional structure
performance to actually to bring back data. | always find that works a lot better wh | always find that works a lot better for high performance

got more complex queries to get across to more tables and | find it that sometime: when you get complex query to get across

you are inputting things in a very, very fast structure when that table gets too big i Works better if you are imputing things into fast structure

coming through every single day and again we found performance wisea dimensic Millions of transactions comes in daily

model served the purpose of our needs so we built ... on top of that in ... Dimensional model served our needs performance wise

and again the same we had it here; it seems to work a lot better. That said, the Dimensional model seem to work better for performance
performance is also impacted by the database that you choose to use so, | think th Performance is impacted by the database that you choose
moment that you choose and the hardware that you choosing to implement that n Performance is impacted by the data model that you choose

very, very tightly coupled so we did have problems; I'm not sure if you are aware ¢ Performance is impacted by the hardware you choose for your data m|
whole ... side of things and so you could choose the best model in the world and y You could choose the best model in the world

could design it to perfection, but if your hardware is not there to support that moc Your hardware must be able to support your data model

you're still going to have those problems. If your hardware is not up to the scratch You will have problems if hardware cannot support your data model
will struggle and extending that; how you choose to load it would be another thinIt's another thing how you choose to load your data

we use ... and it's a very high performance tool, ETL tool, | did have previous Used high performance ETL tool
experience in ... previously and this would not want to say anything about Would not say anything about previous ETL tool
... as such, but at ... we moved from ... to ... s0 to give Moved from one ETL to another
you a real life kind of example, it was taking 22hrs with ... to load all the data Taking 22hrs to load data into a data warehouse

that we need into ... warehouse and we have 24 hours in a day, so any problem th: Data loading taking almost all the time in a day

came up, you got just 2hrs to deal with it and obviously that was extremely difficu only 2 hrs to deal with problems

maintain. We moved itto ... and we got it down to 4 to 6 hrs, So it was quite a Got data loading dow to 6 hrs by moving into another tool

the performance of the micros that we needed for client reporting, Help with performance of micros for client reporting

It has a massive role, you have to define what data people are looking for, what al Performance is one of the greatest consideration to take into account
different sources are, what their end goal is, what are you trying to achieve with tt Performance is very important when choosing your data architecture

business you have to get that very, very clear, is it to provide them with a warehot I've not worked in a place where users don't care about performance

Figure 4-4: Line-By-Line Coding of Transcribed Empirical Data
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4.3.2 Convert Descriptive Codes to Analytic Codes and Compare Codes for Saturation

The next step carried out by the investigator as part of the open coding process to identify the
thematic categories for this research was transforming the descriptive codes into analytical
codes. Gibbs (2007) points out investigators should avoid descriptive codes; instead,
investigators should formulate analytic codes, therefore, an analytic code is a conceptualization
of the descriptive codes by the investigator. The following descriptive codes in Table 4-1 were
transformed into the analytic codes in Table 4-2 as part of the process of identifying the category

code High Query Performance.

Line-By-Line Coding - Descriptive Code of Empirical Data

1 | Performance is the main reason why | chose dimensional structure

2 | I always find that works a lot better for high performance

3 | when you get complex query to get across

4 | Works better if you are imputing things into fast structure

5 | Millions of transactions comes in daily

6 | Dimensional model served our needs performance wise

7 | Dimensional model seem to work better for performance

8 | Performance is impacted by the database that you choose

9 | Performance is impacted by the data model that you choose

10 | Performance is impacted by the hardware you choose for your data model

Table 4-1: Descriptive Codes for Line-By-Line Coding
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Analytic Codes for Descriptive Codes in Figure 4-1

1 | Chose multidimensional model for high performance

2 | Multidimensional model works better for high performance

3 | Multidimensional model works for complex queries

4 | Multidimensional model works better for fast structures

5 | Client Reporting processes large amount of transactions daily

6 | Multidimensional model addressed business performance requirements

7 | Multidimensional model works better for high performance

8 | Performance is impacted by software and hardware

9 | Performance is impacted by choice of data model

10 | Performance is impacted by software and hardware

Table 4-2: Analytic Codes for Descriptive Codes

As indicated in the research design for this study, the next step engaged by the investigator was
ensuring texts with similar themes were assigned the same code; coded passages were further
reviewed and the codes compared for saturation. Figure 4.5 illustrates the process of
transforming the descriptive codes in Table 4-1 to the analytic codes in Table 4-2; the process

ensured texts with similar themes were assigned the same code using MS Excel.
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TRANSFORMING DESCRIPTIVE CODES TO ANALYTIC CODES

[Apply Code to Text: Descriptive
Works better if you are imputing things into fast structure

~ | Descriptive Code -> Analytic Code
Multidimensional model works better for fast structures

~ | Compare Codes for Saturation
Multidimensional model works better for high performance

Millions of transactions comes in daily Client Reporting processes large amount of transactions daily Multidimensional model works better for high performance
Dimensional model served our needs performance wise Multidimensional model addressed business performance requirem Multidimensional model works better for high performance
Dimensional model seem to work better for performance Multidimensional model works better for high performance Multidimensional model works better for high performance

Performance is impacted by the database that you choose
Performance is impacted by the data model that you choose
Performance is impacted by the hardware you choose for your data model

You could choose the best model in the world

Your hardware must be able to support your data model
You will have problems if hardware cannot support your data model

It's another thing how you choose to load your data
Used high performance ETL tool

Would not say anything about previous ETL tool
Moved from one ETL to another

Taking 22hrs to load data into a data warehouse
Data loading taking almost all the time in a day

Performance is impacted by software and hardware
Performance is impacted by choice of data model
Performance is impacted by software and hardware
Performance is impacted by software and hardware
Performance is impacted by software and hardware
Performance is impacted by software and hardware
Performance is impacted by software and hardware
Performance is impacted by software and hardware
There is nothing to say about previous ETL software
Replaced previous ETL tool with another tool

It took nearly a day to load data into client reporting
It took nearly a day to load data into client reporting

Performance is impacted by software and hardware
Performance is impacted by choice of data model

Performance is impacted by software and hardware
Performance is impacted by software and hardware
Performance is impacted by software and hardware
Performance is impacted by software and hardware
Performance is impacted by software and hardware
Performance is impacted by software and hardware
Performance is impacted by software and hardware
Performance is impacted by software and hardware
Performance is impacted by software and hardware
Performance is impacted by software and hardware

only 2 hrs to deal with problems
Got data loading dow to 6 hrs by moving into another tool
Help with performance of micros for client reporting

There is not enough time to address data loading issues
Replaced previous ETL tool with another
Gained improved performance for client reporting

Performance is impacted by software and hardware
Performance is impacted by software and hardware
Gained improved performance for client reporting

Performance is one of the greatest consideration to take into account Performance is an important consideration Multidimensional model works better for performance
Performance is very important when choosing your data architecture Performance is an important consideration Multidimensional model works better for performance
I've not worked in a place where users don't care about performance Performance is an important consideration Multidimensional model works better for performance

The answer is as fast as possible Performance is an important consideration Multidimensional model works better for performance

Figure 4-5: Transformation of Descriptive Codes to Analytic Codes

4.3.3 Identify Sub Category Codes and Main Category Codes

Category codes are logical groupings of the thematic analytic codes; a category code facilitates
the retrieval of the underlying codes (Gibbs, 2007). As indicated in Section 3.5.5, the next step
carried out by the investigator was to identify a category which a set of analytic codes aligned.
The following categories were identified as the initial set of category codes for this case study
(High Query Performance, Specific Requirement, Generic Requirements, Defined Goal & Scope,
Staff Experience, Data Consolidation and Diverse Consumers). Analytic codes which did not
aligned with the category codes outlined above were regarded as standalone category codes. The
initial category codes were further distilled to identify top level category codes or main category
codes which the initial set of category codes aligned; this ensured that category codes rolls up to
a top level category code. As a result, the initial category codes (High Query Performance,

Specific Requirement, Generic Requirements, Defined Goal & Scope, Staff Experience, Data
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Consolidation and Diverse Consumers) became sub-category codes. As part of the open coding
process for this research, the following main analytic category codes (High Performance of
Query Execution, Business Requirement, Firm Objective, Employee Experience, Enterprise Data
Hub) were identified for this case study. In addition, the following analytic codes (Model
Inflexibility, Limited Complexity & Diversity, Conceptualization Consideration, Diversification)
were standalone category codes, as indicated above; these analytic codes could not be aligned
with any of the sub category codes or main analytic category codes. Figure 4.6 and Figure 4.7
respectively illustrates a sample of sub category code (High Query Performance) and main

analytic category code (High Performance of Query Execution) for GWealth case study.

IDENTIFICATION OF SUB-CATEGORY CODES

Descriptive Code -> Analytic Code ~ | Compare Codes for Saturation v |Sub Category Code ~
Chose multidimensional model for high performance Multidimensional model works better for high performance  High Query Performance
Multidimensional model works better for high performance  Multidimensional model works better for high performance  High Query Performance

Multidimensional model works for complex queries Multidimensional model works better for high performance  High Query Performance

Multidimensional model works better for fast structures Multidimensional model works better for high performance  High Query Performance
Client Reporting processes large amount of transactions daily Multidimensional model works better for high performance  High Query Performance
Multidimensional model addressed business performance reqiMultidimensional model works better for high performance  High Query Performance

Multidimensional model works better for high performance  Multidimensional model works better for high performance  High Query Performance

Performance is impacted by software and hardware
Performance is impacted by choice of data model
Performance is impacted by software and hardware
Performance is impacted by software and hardware
Performance is impacted by software and hardware
Performance is impacted by software and hardware
Performance is impacted by software and hardware
Performance is impacted by software and hardware
There is nothing to say about previous ETL software
Replaced previous ETL tool with another tool

It took nearly a day to load data into client reporting
It took nearly a day to load data into client reporting

There is not enough time to address data loading issues

Replaced previous ETL tool with another
Gained improved performance for client reporting
Performance is an important consideration

Performance is impacted by software and hardware
Performance is impacted by choice of data model
Performance is impacted by software and hardware
Performance is impacted by software and hardware
Performance is impacted by software and hardware
Performance is impacted by software and hardware
Performance is impacted by software and hardware
Performance is impacted by software and hardware
Performance is impacted by software and hardware
Performance is impacted by software and hardware
Performance is impacted by software and hardware
Performance is impacted by software and hardware
Performance is impacted by software and hardware
Performance is impacted by software and hardware
Gained improved performance for client reporting
Multidimensional model works better for performance

High Query Performance
High Query Performance
High Query Performance
High Query Performance
High Query Performance
High Query Performance
High Query Performance
High Query Performance
High Query Performance
High Query Performance
High Query Performance
High Query Performance
High Query Performance
High Query Performance
High Query Performance
High Query Performance

Figure 4-6: Sub-Category Code (High Query Performance) for the Analytic Codes
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MAIN CATEGORY CODES FOR SUB-CATEGORY CODES

Sub Category Code

~ | Main Category Code

T

High Query Performance
High Query Performance
High Query Performance
High Query Performance
High Query Performance
High Query Performance
High Query Performance
High Query Performance
High Query Performance
High Query Performance
High Query Performance
High Query Performance
High Query Performance
High Query Performance
High Query Performance
High Query Performance
High Query Performance
High Query Performance
High Query Performance
High Query Performance
High Query Performance
High Query Performance
High Query Performance

High Performance of Query Execution
High Performance of Query Execution
High Performance of Query Execution
High Performance of Query Execution
High Performance of Query Execution
High Performance of Query Execution
High Performance of Query Execution
High Performance of Query Execution
High Performance of Query Execution
High Performance of Query Execution
High Performance of Query Execution
High Performance of Query Execution
High Performance of Query Execution
High Performance of Query Execution
High Performance of Query Execution
High Performance of Query Execution
High Performance of Query Execution
High Performance of Query Execution
High Performance of Query Execution
High Performance of Query Execution
High Performance of Query Execution
High Performance of Query Execution
High Performance of Query Execution

Figure 4-7: Main Category Code for High Query Performance Sub-Category Code

4.3.4 l1dentify Properties of GWealth Category Codes

As indicated in the research design framework presented in Section 3.5.5, categories have
properties, properties enable analytic category codes to be viewed from multiple perspectives
(Gibbs, 2007). As part of the open coding process for this study, sub category codes developed in
Section 4.3.3 rolled up to the main category codes, thus, the sub category codes became the
properties of top level category codes for this case study. This enables the main category codes
to be viewed from multiple perspectives. For instance, the category code High Performance of

Query Execution has a property High Query Performance as illustrated in Figure 4.8.
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MAIN CATEGORY CODE: PROPERTY

Main Category Code

-7 Property of Main Category Code

High Performance of Query Execution
High Performance of Query Execution
High Performance of Query Execution
High Performance of Query Execution
High Performance of Query Execution
High Performance of Query Execution
High Performance of Query Execution
High Performance of Query Execution
High Performance of Query Execution
High Performance of Query Execution
High Performance of Query Execution
High Performance of Query Execution
High Performance of Query Execution
High Performance of Query Execution
High Performance of Query Execution
High Performance of Query Execution
High Performance of Query Execution
High Performance of Query Execution
High Performance of Query Execution
High Performance of Query Execution
High Performance of Query Execution
High Performance of Query Execution
High Performance of Query Execution

High Query Performance
High Query Performance
High Query Performance
High Query Performance
High Query Performance
High Query Performance
High Query Performance
High Query Performance
High Query Performance
High Query Performance
High Query Performance
High Query Performance
High Query Performance
High Query Performance
High Query Performance
High Query Performance
High Query Performance
High Query Performance
High Query Performance
High Query Performance
High Query Performance
High Query Performance
High Query Performance

Figure 4-8: Property of Main Category Code

4.3.5 Analytic Codes and Frequency Count of Analytic Codes

As part of the open coding process for the study, a count of frequency occurrence of the analytic
category codes was developed, the count of frequency of an analytic code is the number of times
an analytic category code is noted in the empirical data. This was done by counting the number
of times each instance of an analytic category code appeared in the empirical data, the counts
were then aggregated in MS Excel to provide total frequency occurrence for an analytic category
code; this process is repeated for all the analytic codes. As indicated in Section 3.5.8, analysis of

frequency count of analytic codes is an important step in linking the empirical data with the
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research propositions. Figure 4.9 illustrates the build of frequency occurrence of an analytic code

(High Query Performance) for this study

FREQUENCY OCCURRENCE OF ANALYTIC CODE

Analytic Code Frequency Occurrence
High Query Performance
High Query Performance
High Query Performance
High Query Performance
High Query Performance
High Query Performance
High Query Performance
High Query Performance
High Query Performance
High Query Performance
High Query Performance
High Query Performance
High Query Performance
High Query Performance
High Query Performance
High Query Performance
High Query Performance
High Query Performance
High Query Performance
High Query Performance
High Query Performance
High Query Performance

 —k ok ok ok ok =k ok ok =k =k =k o~k & —k —k —k —k -k -k —k -k

High Query Performance
High Query Performance
High Query Performance
Total 7.

&1

Figure 4-9: Frequency Occurrence of Analytic Code

4.4 Presentation of the Results — GWealth Case Study

GWealth interviews were conducted with ten participants, two of whom were senior data
architects and directors, three senior developers, one program manager, one project manager, two
development managers and one business analyst. The directors and the program manager were
part of the funding group at GWealth, the data architects, developers; project manager and the IT
development managers were part of the execution team responsible for implementing and
developing the reporting data warehouse for the organisation. Table 4-1 below presents the

frequency occurrence of the analytic codes for GWealth.
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Analytic Codes No of Cumulative | Cumulative

Frequency | Number Percentage
High Query Performance 72 72 21.0
Specific Requirement 84 156 45.5
Defined Goal & Scope 65 221 64.4
Staff Experience 81 302 88.0
Enterprise Data Consolidation 22 324 945
Model Inflexibility 5 329 95.9
Limited Complexity & Diversity 5 334 97.4
Generic Requirements 4 338 98.5
Conceptualization Consideration 2 340 99.1
Enterprise Consumer Base 2 342 99.7
Diversification 1 343 100.0
Total 343

Table 4-3: Frequency Analysis of GWealth Analytic Codes (See Appendix 3 for GWealth Open Codes)

The frequency occurrence of each of the analytic codes for GWealth is presented in Table 4-1

above. The column “No of Frequency” contains the number of times an analytic code is noted as

a decision factor in adopting a multidimensional data model for GWealth reporting data

warehouse. The column “Cumulative Number” is the aggregation of each of the frequency
number or frequency count of each of the analytic codes for GWealth. The column “Cumulative

Percentage” provides the percentage value for the “Cumulative Number”. Figure 4-10 below

presents the data in Table 4-1 in a graphical format using the Pareto chart.
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Frequency Analysis - Analytic Codes
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Figure 4-10: Frequency Analysis of the Analytic Codes Using the Pareto Chart

The above Pareto chart presents the frequency analysis of the analytic codes for GWealth. As

illustrated in the graph, the analytic codes related to: High Query Performance, Specific

Requirement, Defined Goal and Scope, Past Experience and Limited Consumer Base accounted

for 86 per cent of the total factors that influenced the decision to adopt a multidimensional data

model for GWealth reporting data warehouse. The rest of this chapter is devoted to presenting

the results for the analytic codes.
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4.4.1 Assessing the impact of high performance of query execution

In order to understand the impact of high performance of query execution on the choice of
logical data model for a data warehouse, the questions below were addressed to GWealth

research participants.

e What non-functional requirements impacted the choice of reporting warehouse logical data

model?

e What other non-functional factors influenced the decision to adopt the multidimensional data

model for the reporting data warehouse?

e How would you characterise the advantages of reporting warehouse data model?

Table 4-2 below outlines the percentage code frequency of the analytic codes related to: High
Query Performance, Inflexibility of Model, Limited Complexity & Diversity, Generic
Requirements, Conceptualization Consideration, Enterprise Consumer Base, and Diversification

analytic codes extracted from Table 4-1.
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Analytic Codes

% Code Frequency

High Query Performance

79.12087912

Inflexibility of Model 5.494505495
Limited Complexity & Diversity 5.494505495
Generic Requirements 4.395604396

Conceptualization Consideration

2.197802198

Enterprise Consumer Base

2.197802198

Diversification

1.098901099

Total of % Code Frequency

100

Table 4-4: Percentage Code Frequency of Query Performance vs. Other Analytic Codes

Figure 4-11 below illustrates the frequency analysis of the analytic codes (Table 4-2) in relation

to questions to assess the impact of high performance of query execution on the choice of logical

data model for a data warehouse.

Kazeem Oladele

99



High Query Performance - Frequency Analysis
90
80 +—
> 70 +—
(%]
§ 60 ||
o 50 —
@ 40 OCode Frequency
= 1|
S 30 |
o
O 20 1|
10 |
0 1 1 1 — — R
@ > o
& & & & T
& & e & g & &F
© ° o & R
C & & & &
e Ol 3% & & g
o & N ® > &
) h P i @ &
‘é‘\q O & &{\
6&@ ey &
O CJQQE' <
Analytic Codes

Figure 4-11: Impact of Performance on Logical Data Model Decision

In Figure 4-11, the responses from the research participants were coded along the x-axis, the

analytic codes; the frequency analysis of the analytic codes is on the y-axis. The research

participants were asked about the impact of performance as a measure to assess the impact of

performance of query execution on the choice of data model for the reporting data warehouse.

The research participants stated 79 per cent of the time that performance is a key decision factor

in using the multidimensional data model for GWealth reporting data warehouse, this percentage

number is considered high as a decision factor.
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The percentage code frequency of performance as a key decision factor for implementing the
reporting data warehouse on a multidimensional data model is more than double the percentage
code frequency of all the other analytic codes combined. In contrast, the percentage code
frequency for other decision factors is quite low, collectively; they represented 21 percent of the
total decision factors. The responses from the research participants indicated that performance is
the most important non-functional requirement that influenced the choice of data model for the
reporting data warehouse. One of the non-functional requirements of the reporting warehouse
that featured prominently in the participant responses is the need to quickly process client reports
from the reporting data warehouse. An important element of ensuring the client reports were
quickly processed is the need to ensure the reporting warehouse data model is portable and
optimized for high performance query execution. All the research participants stated the
importance of performance to the business and the expectation of getting high performance out
of the reporting data warehouse. The research participants believed the multidimensional data
model played a key role in achieving the requirement of performance, having considered the
infrastructure supporting the reporting data warehouse. In order to shed light on the other non-
functional factors, which influenced the choice of reporting data warehouse logical data model,
the research participants reaffirmed that the business requirements was a factor in adopting a
multidimensional data model for the reporting data warehouse. The research participants outlined
a number of advantages of the reporting data warehouse data model. One of the advantages
outlined by the research participants was that the reporting warehouse data model is easier to

understand. For instance:

Project Manager | would say for me, it is easier to understand and easier to

isolate issues and of course, it allows you to focus on what
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you initially set out to do which is to implement a reporting

warehouse

Lead Data Architect The main one for me is around the query performance and
the end-user being able to understand exactly what you

build

The respondents at GWealth were able to articulate the benefits of the reporting data warehouse
data model; they stated it allowed them to focus on what they set out to accomplish which was to
build a reporting data warehouse. The respondents also stated their multidimensional data model
enabled them to achieve the required non-functional performance requirement of the reporting
data warehouse. Furthermore, the respondents were emphatic in emphasising that it is possible to
experience an appreciable improvement in performance of a data warehouse based on how the
underlying data is structured. This is an indication the respondents were using their experience in
situation awareness while making judgement to engage a course of action to address the
performance issues of client reporting data warehouse. This is in alignment with the prescription
of naturalistic decision making. The frequency occurrence of the analytic code for performance
in the narrative provides a justification to support the proposition that high performance of query
execution is a decision factor influencing the choice of multidimensional data model for

GWealth reporting data warehouse.
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4.4.2 Assessing the impact of specific business requirement

In order to assess the impact of specific business requirement on the choice of logical data model

for a data warehouse, the questions below were addressed to the research participants

e What is the impact of the business requirements on the choice of reporting data warehouse

logical data model?

e How many areas of the business have been on-boarded onto the reporting data warehouse?

The responses from the research participants provided the evidence to support the proposition
that the degree of focus on specific business requirement influences the choice of logical data
model for a data warehouse. All the research participants at GWealth agreed the business
commissioned the reporting data warehouse to address a major requirement for their
organisation, to enable the production of clients’ statements from the reporting data warehouse.
Table 4-3 below outlines the percentage code frequency of the analytic codes related to: Specific
Requirement, Inflexibility of Model, Limited Complexity & Diversity, Generic Requirements,
Conceptualization Consideration, Enterprise Consumer Base, and Diversification analytic codes

extracted from Table 4-1.
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Analytic Codes % Code Frequency
Specific Requirement 81.55339806
Inflexibility of Model 4.854368932
Limited Complexity & Diversity 4.854368932
Generic Requirements 3.883495146
Conceptualization Consideration 1.941747573
Enterprise Consumer Base 1.941747573
Diversification 0.970873786

Total of % Code Frequency 100

Table 4-5: Percentage Code Frequency of Specific Requirement vs. Other Analytic Codes

Figure 4-12 below illustrates the frequency analysis of the analytic codes (Table 4-3) in relation

to questions to assess the impact of specific business requirement on the choice of data

warehouse logical data model.
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Figure 4-12: Impact of Specific Requirement on Logical Data Model Decision

In Figure 4-12, the responses from the research participants were coded along the x-axis, the
analytic codes; the percentage code frequency for each of the analytic codes is on the y-axis. The
research participants were asked about the impact of the need to address a specific business
requirement on the choice of logical data model for the reporting data warehouse. The research
participants at GWealth stated 81 per cent of the time that the reporting data warehouse data
model was adopted to address the specific requirement of the business for client reporting, this
percentage number is considered high as a decision factor. In contrast, the percentage code
frequency for other decision factors is quite low, collectively; they represented 19 percent of the

total decision factors for using multidimensional data model for the reporting data warehouse.
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The percentage of code frequency of the analytic code to address specific business requirement is
almost double the percentage code frequency of other analytic codes combined and 68 per cent
more than the percentage code frequency of the analytic codes related to inflexibility of model
enhancement, complexity and diversity. Additionally, the percentage code frequency of the
analytic code to address specific business requirement is 78 times higher than the percentage
code frequency of the analytic code to address the generic requirements of other business groups
within GWealth. The research participants agreed that the business requirement had a big impact
in influencing the choice of logical data model for reporting data warehouse. The research
participants at GWealth believed the requirement from the business to create a reporting data
warehouse rather an enterprise data warehouse influenced the decision to adopt a
multidimensional data model for the reporting data warehouse. It was recognised by the
respondents that data warehouses are requirements based, as such, the reporting warehouse was
not created because the respondents thought it would be useful for the firm to create it. Rather,
the requirement to create the reporting data warehouse was based on explicit requirements from
the business and appropriately funded. The respondents believed their multidimensional data

model was in alignment with the requirement from the business for client reporting. For instance:

Data Architect The requirement was to develop a data warehouse for creating
reporting statements for clients of the firm. I found

multidimensional model to be perfect for that type of requirement

Lead Data Architect For reporting warehouse, we have to focus on the universe of data
we need for the statement reports and how best to structure it in an
efficient manner. The way we have done that is by using the

dimensional model.
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Program Manager In our own case, we are reporting on performance data, so the
architects have structured the business requirements around the

dimensional model; that has worked for us

In addressing the question related to the number of other areas of the business “on-boarded” onto
the reporting data warehouse, the research participants responded the reporting data warehouse
has limited consumer user base due to the goal of the reporting warehouse. The reporting data
warehouse was commissioned by the business solely to create report of statements for the clients
of the firm. Other consumer groups within GWealth were not intended to use the reporting data
warehouse, except for the purpose for which it was created and neither is the reporting data
warehouse expected to cater for the needs of the other consumer groups within GWealth. The
data from the respondents provided the evidence to support the naturalistic decision making, the
research participants were able to recognise the requirements from the business was best
implemented on a multidimensional data model. For instance, the respondents indicated a
multidimensional data model is a perfect fit for the type of requirement requested by the
business. This not only suggests a level of situation awareness on the part of the respondent in
alignment with the prescription of naturalistic decision making, it also indicated mastery of the
subject matter, exercising judgement on when and when not to engage a multidimensional data

model. For instance:

Data Architect For reporting warehouse, the requirement was to develop a data
warehouse for creating reporting statements for clients of the firm.
| found the multidimensional model to be a perfect fit for that type

of requirement
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The data from GWealth appear to support the proposition that the degree of focus on specific
business requirement influences the choice of logical data model for a data warehouse. However,
the data provided no evidence of how the business requirement was mapped to the individual
dimension in the multidimensional data model. The result presented above provides justification
to support the proposition that the need to focus on the requirement to address a specific business
problem is a decision factor influencing the choice of multidimensional data model for a data

warehouse.

4.4.3 Assessing the impact of goal and scope of a data warehouse

In order to understand the impact of the goal and scope of a data warehouse on the choice of a

logical data model, the research participants were asked the questions below:
e What is the role of the goal of reporting warehouse on the choice of its data model?
e What is the impact of the scope of reporting warehouse on the choice of its data model?

e What is end-users’ ability to understand data relationship in your data warehouse in relation

to the goal of the data warehouse?

Table 4-4 below outlines the percentage code frequency of the analytic codes related to: Defined
Goal & Scope, Inflexibility of Model, Limited Complexity & Diversity, Generic Requirements,
Conceptualization Consideration, Enterprise Consumer Base, and Diversification analytic codes

extracted from Table 4-1.
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Analytic Codes

% Code Frequency

Defined Goal & Scope 77.38095238
Inflexibility of Model 5.952380952
Limited Complexity & Diversity 5.952380952
Generic Requirements 4.761904762
Conceptualization Consideration 2.380952381
Enterprise Consumer Base 2.380952381
Diversification 1.19047619
Total of % Code Frequency 100

Table 4-6: Percentage Code Frequency of Defined Goal & Scope vs. Other Analytic Codes

Figure 4-13 below illustrates the frequency analysis of the analytic codes (Table 4-4) in relation

to questions to assess the impact of defined goal and scope on the choice of logical data model

for a data warehouse.
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Figure 4-13: Impact of Defined Goal and Scope on Logical Data Model Decision

In Figure 4-13, the responses from the research participants were coded along the x-axis, the
analytic codes; the percentage code frequency of each of the analytic codes is on the y-axis. The
research participants were asked about the goal of the reporting warehouse as a measure to assess
the impact of defined goal and scope of a data warehouse in a decision to adopt a logical data
model for the reporting data warehouse. The research participants stated 77 per cent of the time
that the goal and scope of the reporting data warehouse was a factor in adopting a
multidimensional data model for the reporting data warehouse, this figure is considered high
when contrasted with the percentage total for the other decision factors combined. In
comparison, the percentage code frequency for the rest of the decision factors is considered low.
Collectively, they accounted for 23% of the total decision factors for using multidimensional
data model for GWealth reporting data warehouse. Additionally, the percentage code frequency
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of defined goal and scope is more than 60 per cent higher than the percentage of code frequency
related to inflexibility of model enhancement, complexity and diversity decision factors. Further
examination of the data indicated the percentage code frequency of the analytic code related to
business defined goal and scope is greater than the combined percentage code frequencies of all
the analytic codes in Figure 4-13. The data collected at GWealth indicated the respondents
considered the business stated goal and scope of the reporting warehouse in selecting its data
model. The data also indicated the respondents were aware of selecting an appropriate data
model for the reporting data warehouse. This suggested the respondents were cognizant of the
risks and potential consequences associated with selecting a data model that is not in alignment

with the business-defined goal of the reporting data warehouse. For example:

Data Architect You want to use the data model that is best fit for the goal of your
data warehouse, otherwise, you may find your initial goals are not
fully realised by using an inappropriate data model; that would be

unacceptable to the business

Lead Data Architect It is important to consider the goal of your data warehouse before
you select your data model, this enables you to select the
appropriate architecture having considered all other factors that

are critical to achieving the goal of the data warehouse

Project Manager It is important to take the goal of your data warehouse into
consideration when you are choosing the data model for your data
warehouse. You don’t want to find out later in the project that you
have selected a wrong data model for your warehouse; that would

be an awful and expensive mistake
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Developer | think it is a risk to select a data model for your warehouse

without due consideration for the goal of your data warehouse

Additionally, the data from GWealth indicated the reporting data warehouse was intended for no
other purposes than for creating reports for the clients of the firm. GWealth reporting data
warehouse was not created nor intended as an enterprise data distribution repository serving the
needs of the heterogeneous business groups within GWealth, to this extent, adopting a
multidimensional data model is judged to be in alignment with the scope of the reporting data

warehouse. For instance:

Program Manager The sole objective of the reporting warehouse is to use it for
reporting purposes, our data model has allowed us to meet that

objective

The data from GWealth indicated the respondents considered the scope of the reporting data
warehouse as decision factor in adopting the multidimensional data model for client reporting
data warehouse. In particular, the data showed the respondents considered that data warehouses
that are small in scope are particularly suitable for a multidimensional data model considering

the remarks below:

Data Architect If the scope is very small as in the case of the reporting warehouse,
a multidimensional data architecture lend itself to a much better

data warehouse

Lead Data Architect The scope of the data warehouse is important as the goal of the
data warehouse. In most cases, the goal of the data warehouse will

determine the scope and size of the data warehouse, both are
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important factors in determining the choice of your data

warehouse data model

Program Manager The scope of the reporting warehouse is rather small when
compared to other initiatives within the bank; that has contributed
to reasons why the architects have used the data model that we

have for the reporting warehouse

The data from GWealth further indicated the respondents were risk averse and were not
particularly willing to experiment or try out alternative data modelling approaches that may also

be suitable for the client reporting data warehouse. For instance:

Program Manager you go with tried and tested methods especially when you are a
new team and you want to proof yourself. You don’t want to go
down the path of, you know;, let’s try the new design because if you

don’t deliver you are in trouble

The respondents at GWealth acknowledged the business defined goal and scope of the reporting
data warehouse was a decision factor in adopting the multidimensional data model for the
reporting warehouse. The data indicated the respondents implicitly engaged in situation
awareness and consequently model categorisation based on recognising the goals and scope that
multidimensional data model is suited. The frequency analysis of the analytic code to address the

defined goal and scope in the narrative provides the justification to support the proposition that
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business defined goal and scope is a decision factor influencing the choice of multidimensional

data model for a data warehouse.

4.4.4 Assessing the impact of implementation orientation of available

In order to assess the impact of the implementation orientation of available resources on the
choice of logical data model for a data warehouse, the questions below were addressed to

GWealth research participants.

e What is the impact of staff experience in the decision to adopt a multidimensional data model

for the reporting data warehouse?

e Would you agree or disagree that your staff experience influenced the choice of the data

model for your data warehouse?

The implementation orientation of the available resources is defined by the experience of the
employees tasked with building a data warehouse. The employee experience is a major factor in
choosing and adopting a multidimensional data model for the reporting data warehouse. Table 4-
5 below outlines the percentage code frequency of the analytic codes related to: Staff Experience,
Inflexibility of Model, Limited Complexity & Diversity, Generic Requirements,
Conceptualization Consideration, Enterprise Consumer Base, and Diversification analytic codes

extracted from Table 4-1.
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Analytic Codes

% Code Frequency

Staff Experience 81
Inflexibility of Model 5
Limited Complexity & Diversity 5
Generic Requirements 4
Conceptualization Consideration 2
Enterprise Consumer Base 2
Diversification 1
Total of % Code Frequency 100

Table 4-7: Percentage Code Frequency of Staff Experience vs. Other Analytic Codes

Figure 4-14 below illustrates the frequency analysis of the analytic codes (Table 4-5) in relation

to questions to assess the impact of implementation orientation of the available resources on the

choice of logical data model for a data warehouse.
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Figure 4-14: Impact of Staff Experience on Logical Data Model Decision

In Figure 4-14, the responses from the research participants were coded along the x-axis, the
analytic codes; the percentage code frequency of each of the analytic codes is on the y-axis. The
research participants were asked about the impact of staff experience as a measure to assess the
impact of the implementation orientation of available resources in adopting a logical data model
for a data warehouse. The research participants at GWealth stated 81 per cent of the time that
their staff experience is a decision factor in adopting a multidimensional data model for the
reporting data warehouse, this number is considered high as a decision factor. In contrast, the
percentage code frequency for other decision factors is quite low, collectively; they represented
19 percent of the total decision factors. Additionally, the percentage code frequency of staff
experience as a decision factor is greater than the percentage code frequency of all the analytic

codes combined. The percentage code frequency of the analytic code for staff experience is more
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than 5 times the percentage code frequency of the analytic code for model inflexibility. The same
is true for the percentage code frequency for complexity and diversity decision factors. The
research participants at GWealth are highly experienced and skilled in multidimensional data
warehousing; the research participants combined experiences in multidimensional data
architecture spanned several decades, they expressed their preference for the multidimensional
data architecture and are keen advocates of the data model. The participants at GWealth were
risk averse, one of the striking remark made by GWealth respondents was that they would rather
stay with tried and tested data model they know and familiar than experimenting with the

alternative data models, which they claimed may not yield the desired result. For instance:

Developer We have senior people in the team that has implemented this type
of project before, they pretty much know the ins and out of it so it
was not difficult to convince a lot of people that dimensional model
was what was needed for the reporting warehouse. You stay with
what you know, that is very important especially in such a high

stake highly visible project like reporting warehouse

Program Manager My preference is always dimensional warehouses but that’s just
because that is what | know. It was what people in the team knew

and have experienced and background

Data Architect My background is all in dimensional modelling and very rarely if
ever, do | use any third normal form modelling in data

warehousing
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Project Manager

It’s my experience of only ever worked with multidimensional data
warehouse. The people I’'ve worked with have always been kind of

pushed for that kind of model

The research participants at GWealth overwhelmingly agreed that their staff experience played a

key role in adopting the multidimensional model for their reporting data warehouse. The research

participants at GWealth stated there were colleagues in the team with considerable experience in

multidimensional data warehousing. The respondents at GWealth were mostly familiar with a

multidimensional data model. For instance:

Data Architect

Program Manager

Lead Data Architect

Project Manager

Kazeem Oladele

Yes, | will agree the experience of the team influenced the choice
of reporting warehouse. We used dimensional model because

that’s what we know, all my experiences in data warehousing has
been around dimensional modelling so that’s what I know and do

best. So yes, staff experience played a huge part

I think I will agree with that statement, | think staff experience
does played a huge role because dimensional model is what we all
know, certainly from my perspective and | think from the

perspective of others as well

| agree the experience of the staff impacted the choice of our data
warehouse. 1I'm sure you will see that is the case if you speak to

other members of the team

I think it will be difficult to argue the experience of the team did

not impact the choice of reporting warehouse data model, the
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teams have strong views about dimensional model, they 've been
using it for a long time. I somehow belong to that category as well,
as 1 said earlier; I've only ever worked on dimensional data

warehouse. You will find that is the same for everyone

Developer I will definitely agree our staff experience swayed the decision to
use dimensional model for the reporting warehouse. There are
many people here that that’s what they 've used for many years and

are very effective at it

The prior experience of the development team that built the reporting data warehouse on a
multidimensional data model was a major factor in using a multidimensional data model for the
reporting data warehouse. The development team at GWealth had an overwhelming preference
for a multidimensional data model because they have considerable experience in using
multidimensional data model in their careers. The data from GWealth indicated the research
participants leveraged their experience of situation awareness, drawing on it to address the
business requirement to build the client reporting data warehouse. For this study, the data from
GWealth provided the justification to support the prescriptions of naturalistic decision making.
The empirical data provides the justification to support the proposition that the implementation

orientation of available resources impacts the choice of logical data model for a data warehouse.
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4.4.5 Assessing the impact of enterprise data consolidation

In order to assess the impact of enterprise data consolidation to address different reporting and
analytics requirements on the choice of a logical model for a data warehouse, the questions

below were addressed to research participants at GWealth.
e How diverse is the user base of your data warehouse?
e How often are different areas of the business on-board the reporting data warehouse?

Table 4-6 below outlines the percentage code frequency of the analytic codes related to:
Enterprise Data Consolidation, Limited Consumer Base, Inflexibility of Model, Limited
Complexity & Diversity, Generic Requirements, Conceptualization Consideration and

Diversification analytic codes extracted from Table 4-1.

Analytic Codes % Code Frequency
Enterprise Consumer Base 4.87804878
Enterprise Data Consolidation 53.65853659
Inflexibility of Model 12.19512195
Limited Complexity & Diversity 12.19512195
Generic Requirements 9.756097561
Conceptualization Consideration 4.87804878
Diversification 2.43902439

Total of % Code Frequency 100

Table 4-8: Percentage Code Frequency of Enterprise Data Consolidation vs. Other Analytic Codes

Kazeem Oladele 120



Figure 4-15 below illustrates the frequency analysis of the analytic codes (Table 4-6) in relation
to questions to assess the impact of enterprise data consolidation on the choice of logical data

model for a data warehouse.

Enterprise Data Consolidation - Frequency Analysis

60

50 ]
=
(%]
c 40
=
E’- 30 o Code Frequency
L
§ 20
Q - _

10

0 l_l T T T T T |_| T '_|
o @ o a3 & o
F F F & & F S
&¢ & & o@ <& P £°
ol 06\ ) Y > (é\ Q{q
d & & %) & d o
S e & & < Q
Q'Ss' > Q?'+ Q\a & \0(‘
) @ & & c’ﬁo \,;5"
R & Q’@
& & $
< 3 ¢
Analytic Codes

Figure 4-15: Impact of Enterprise Data Consolidation on Logical Data Model Decision

In Figure 4-15, the responses from the research participants were coded along the x-axis, the
analytic codes; the percentage code frequency of each of the analytic codes is on the y-axis. The
research participants were asked about the diversity of consumer base of the reporting warehouse
as a measure to assess the enterprise orientation of the reporting data warehouse in meeting

different consumer groups reporting and analytics needs.
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The research participants stated 53.6 per cent of the time that the reporting data warehouse has
limited enterprise data consolidation. This number is high, indicating that more than half of the
respondents at GWealth believed the reporting data warehouse has limited number of users
across their organisation. The reporting warehouse also scored low on other analytic codes to
assess the enterprise orientation of GWealth reporting warehouse. For instance, Enterprise
Consumer Base and diversification of the data model accounted for just 4.8 and 2.4 per cent of
the total percentage code frequency, indicating that the respondents did not consider them as
decision factors for adopting the multidimensional data model for client reporting data
warehouse. The frequency analysis of the enterprise analytic codes above indicated the consumer
base of the reporting warehouse is not diverse and in alignment with the research participants’
statement that the reporting warehouse was not created to consolidate or distribute common
enterprise data to other consumers groups across GWealth. Consequently, the user base of the
reporting warehouse is limited to the team tasked with producing reports for the clients of the
firm, the primary goal set by the business for the reporting data warehouse. The research
participants at GWealth indicated they tightly executed the business requirements for the
reporting data warehouse and did not give any consideration to other consumer groups “on-
boarding” the reporting data warehouse in line with the business requirements and expectation.
The decision to adopt a multidimensional data model for the reporting warehouse was influenced
by the requirement from the business for client reporting as opposed to catering for the generic
needs of different consumer groups within GWealth. The business requirement for the reporting
warehouse prompted the respondents to engage a course of action based on their judgements and
assessment of GWealth requirements in alignment with decision making in naturalistic decision

theory.
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The data presented above provided the evidence to support the proposition that consolidating
common enterprise data to address different reporting and analytics requirements of
heterogeneous consumer groups is not a factor in adopting a multidimensional data model for a

data warehouse.

4.5 Summary of the Findings

This chapter presented the findings of the case study at GWealth; the chapter presented the result
of the factors that influenced the decision to adopt a multidimensional data model for GWealth

reporting data warehouse. The findings of the case study are summarised below.

4.5.1 Finding 1: High Query Performance is a Decision Factor in Adopting Multidimensional
Data Model for GWealth Data Warehouse

One of the non-functional requirements of the reporting warehouse that featured prominently in
the participant responses was the need to quickly process client reports from the reporting data
warehouse. An important element of ensuring the client reports were quickly processed is the
need to ensure the reporting warehouse data model is portable and optimized for high
performance query execution. The data from the case study indicated the importance of
performance to the business and the expectation of getting high performance out of the reporting
data warehouse. The research participants believed their multidimensional data model enabled

them to achieve the performance requirement of their data warehouse.
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The observation from the empirical data showed that high proportion of the research participants
indicated that performance of query execution was a decision factor in adopting the
multidimensional data model for the reporting data warehouse. The empirical data showed that
GWealth research participants stated 79 per cent of the time that performance is a key decision
factor in using the multidimensional data model for their reporting data warehouse; this is
consistent with the literature. In the literature, a multidimensional data model is seen as the
technique that presents data in a standard intuitive framework that allows for high performance
(Kimball, 1995; 1977). The research participants at GWealth believed the multidimensional data
model played a key role in achieving the requirement of performance, having considered the
infrastructure supporting their reporting data warehouse. Additionally, the empirical data also
indicated the percentage code frequency of performance as a decision factor for implementing
the GWealth reporting data warehouse on a multidimensional data model is more than double the
combined percentage code frequency of the analytic codes related to: Inflexibility of Model,
Limited Complexity & Diversity, Generic Requirements, Conceptualization Consideration,
Enterprise Data Consolidation, and Diversification. In contrast, the percentage code frequency
for these decision factors is quite low, collectively; they represented 21 percent of the total

decision factors of the observed data for performance.

4.5.2 Finding 2: Specific Requirement is a Decision Factor in Adopting Multidimensional
Data Model for GWealth Data Warehouse

One of the important factors that influenced the decision to implement the GWealth data

warehouse on a multidimensional data warehouse was the requirement to build a reporting
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solution for organisation. The study finds the requirement from the business to create a reporting
data warehouse rather an enterprise data warehouse was major factor in the decision to adopt a
multidimensional data model for GWealth reporting data warehouse. The empirical data
indicated the business requirement had a big impact in influencing the choice of reporting data
warehouse logical data model. The research participants stated 81.5 per cent of the time that the
reporting data warehouse data model was adopted to address the specific requirement of the
business for client reporting, this is consistent with the literature. In the literature, a
multidimensional data model is used to implement a data warehouse that supports the specific
functionality of the business, as such, it is considered excellent for data processing and ensures
good performance for complex slice and dice operations (Imhoff, Galemmo and Geiger, 2003;
Kimball and Ross, 2002). Further examination of the empirical data indicated that the percentage
code frequency of the analytic codes related to: Inflexibility of Model, Limited Complexity &
Diversity, Generic Requirements, Conceptualization Consideration, Enterprise Data
Consolidation, and Diversification is low as a decision factor; collectively; they represented 19
percent of the total decision factors for using multidimensional data model for the reporting data
warehouse. Further examination of the empirical data showed that high proportion of the
research participants indicated the requirement from the business to create a reporting data
warehouse rather an enterprise data warehouse influenced the decision to adopt a
multidimensional data model for the reporting data warehouse. The research participants
indicated that they found multidimensional data model to be perfect for the type of requirement

to create a reporting data warehouse for their organisation.
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4.5.3 Finding 3: Goal and Scope is a Decision Factor in Adopting Multidimensional Data
Model for GWealth Data Warehouse

The goal and scope of a data warehouse is an important factor that impacts the choice of logical
data model for a data warehouse. The research participants at GWealth recognised the risk
involved in choosing a data model for a data warehouse without due consideration for the goal of
the data warehouse. The empirical data indicated the business defined goal and limited scope of
the reporting warehouse was in alignment with the logical data model adopted for the GWealth
data warehouse. The respondents strongly believed the data model for the reporting data
warehouse was selected in alignment with the goal and scope defined by their organisation. In
the literature, the goal of a data warehouse ultimately defines the scope of a data warehouse. The
scope of a data warehouse where the goal of the data warehouse is oriented toward a department
within an organisation assumes the requirements for a multidimensional data warehouse emerges
from a business area requesting the data warehouse (Kimball and Ross, 2004). The empirical
data from GWealth indicated that the research participants stated 77 per cent of the time that the
goal and scope of their reporting data warehouse was a factor in adopting a multidimensional
data model for the reporting data warehouse. In contrast, the percentage code frequency for the
analytic codes related to: Inflexibility of Model, Limited Complexity & Diversity, Generic
Requirements, Conceptualization Consideration, Enterprise Data Consolidation, and
Diversification accounted for 23% of the total decision factors for using multidimensional data

model for the GWealth reporting data warehouse.
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4.5.4 Finding 4: Staff Experience is a Decision Factor in Adopting Multidimensional Data
Model for GWealth Data Warehouse

The implementation orientation of the staff tasked with building a data warehouse is an
important factor that impacts the choice of logical data model for a data warehouse. The
empirical data from the study indicated that GWealth staff leveraged their prior experiences and
drawn on it to address the requirements to build the client reporting data warehouse for their
organisation. The participants attributed that a major benefit of their multidimensional data
model was that it enabled the participants to focus what they set out to accomplish which was to
build the reporting warehouse. The empirical data indicated that the research participants at
GWealth stated 81 per cent of the time that their staff experience is a decision factor in adopting
a multidimensional data model for the reporting data warehouse. In contrast, the percentage code
frequency for other decision factors (Inflexibility of Model, Limited Complexity & Diversity,
Generic Requirements, Conceptualization Consideration, Enterprise Data Consolidation, and
Diversification) is quite low, collectively; they accounted for just 19 percent of the total decision
factors. The research finds that the research participants at GWealth were keen advocates of a
multidimensional data model, they expressed their preference for engaging a multidimensional
data model for their data warehouse and rarely would they use any other type of data model to
build a data warehouse. Vassiliadis (2004) notes that data warehousing landscape is defined by
“do-it-yourself” advice from experts and proprietary vendor solutions, the empirical data
indicated that the research participants at GWealth have considerable experience in

multidimensional data model and have mostly used the data model in their careers.
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4.5.5 Finding 5: Enterprise Data Consolidation is Not a Decision Factor in Adopting
Multidimensional Data Model for GWealth Data Warehouse

Enterprise data consolidation to address different reporting and analytics requirements of
consumer groups within an organisation is an important consideration impacting the choice of
logical data model for a data warehouse. The research finds the consumer base of the reporting
warehouse is not diverse because the reporting warehouse was not created to consolidate nor
distribute common enterprise data to other consumers groups across GWealth. As a result, the
user base of the reporting data warehouse is limited to the team creating reports of statements
from the reporting data warehouse. The empirical data indicated that the GWealth data
warehouse is not an enterprise data warehouse nor is it a distributor of enterprise data to other
consumer groups across GWealth. The observation from the empirical data indicated that lower
proportion of the research participants indicated that the decision to adopt a multidimensional
data model for reporting data warehouse was influenced by the requirement from the business to
cater for the generic needs of different consumer groups within GWealth. In the literature, one of
the arguments often recognised as the basis for implementing a data warehouse is the need to
capture diverse set of business data in a data warehouse (Inmon, 2005; Kimball, 2002; Tryfona,
Busborg and Christiansen, 1999; Weininger, 2002, Husemann, Lechtenbdrger, VVossen, 2002).
However, integrating enterprise data for various reporting and analytics requirements requires
flexible data model that is oriented to the enterprise view of an organisation and focuses on
complex data structures and interactions (Imhoff, Galemmo and Geiger, 2003; Tryfona, Busborg
and Christiansen, 1999). The empirical data indicated that the research participants at GWealth
stated only 4.8 per cent of the time that enterprise data consolidation to address different

reporting and analytic requirements is a decision factor in adopting a multidimensional data
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model for the reporting data warehouse. In contrast, the research participants stated 53.6 per cent
of the time that their reporting warehouse has limited enterprise data consolidation indicating
that the majority of the research participants believed the use of reporting data warehouse is
limited to the reporting team using the solution to produce statements of reports for the clients of

their organisation.
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CHAPTER 5 - Case Study: ICapital

5.1 Introduction

This chapter presents the outcome of the case study at ICapital, the investment banking division
of global financial institution TBank. The chapter focuses on presentation of interview results
and alignment of the findings with the research propositions. The data collection method for this
research is through interview of research participants. In presenting the result of this case study,
the interview data was transcribed and transformed through grounded theory open coding
methods involving line-by-line coding, translation of the descriptive codes into analytic codes,
repeated comparison of the descriptive and analytic codes for saturation, and identification of

core themes from the analytic categories.

This chapter is divided into three Sections; Section 5.2 provides an overview of ICapital
including its key business areas. The Section looks at the background of ICapital data warehouse
project, the project definition and objectives including the architecture of ICapital Risk and
Finance data warehouse. Section 5.3 presents the finding of the case study and the alignment of
the interview results with the research propositions. Lastly, Section 5.4 concludes the chapter

with a summary.
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5.2 Overview of ICapital

ICapital is the investment-banking arm of a major European financial institution, TBank.
ICapital has offices around the world and employs over 25,000 people ensuring the company has
the global reach, advisory services and distribution power to meet the needs of issuers and
investors world-wide. 1Capital generated £5.231bn for 2011 financial year and the company
more than doubled its income to £11.625bn in 2012. ICapital is organised around a number of
businesses including Fund Solutions, Infrastructure Funds, Natural Resource Investments,
Commodities, Emerging Markets, Equities, Fixed Income, Foreign Exchange, Capital Market,
Liquidity Management, Mergers and Acquisitions, Re-Structuring, Portfolio Management, Prime

Services, Quantitative Analytics and Research.

ICapital Fund Solutions was formed in 2005 and it’s the asset management business of ICapital.
The fund has asset under management in excess of £4bn as of October 2012, it runs its own
trading, structuring, quantitative portfolio modelling and discretionary management functions.
ICapital Fund Solutions employs over 120 people, and has offices in London, New York,
Singapore, Tokyo, Sidney and Hong Kong. The business distributes funds to clients in over 20
countries across 5 continents. ICapital Infrastructure Funds is a fund management division of
ICapital; it has been in operation since 1996 and focuses on investment in social infrastructure

projects in the UK and continental Europe.
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Social infrastructure projects include construction, long term maintenance and management of
core public infrastructure such as primary and secondary schools, community healthcare
facilities, large acute hospitals, emergency services facilities, local and central government
offices. These projects are mainly financed under the Private Finance Initiative (PFI) and Public
Private Partnership (PPP) frameworks in the UK and continental Europe. ICapital Natural
Resource Investment is a global private equity business focusing on natural resource investment
opportunities that provides clients of its parent company (or its affiliates) and strategic investors
the opportunity to gain exposure to the natural resources sector by co-investing alongside the
ICapital. ICapital Natural Resource Investment invests in global resources by finding and
partnering with “best-in-class” operational management teams with specific expertise and
significant experience and track-record within the niche sectors of the global natural resources

sector, primarily in upstream oil and gas, upstream mining, and power, including renewables.

ICapital global sales force provides institutional investors with highly focused, round the clock,
team-based service, ranging from specialist coverage on fixed income, foreign exchange,
commodities (precious metals and energy), financial futures and derivatives to generalist, multi-
product sales coverage across the ICapital product base. ICapital is also acknowledged as one of
the leaders in the major commaodity asset classes, and remains at the forefront of the industry. As
one of the leading providers of commodity solutions, ICapital fields global commodity teams

comprising 350 trading, sales and research professionals.
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ICapital offers one of the most extensive product suites in the industry, including specialist
products and bespoke risk management solutions, with breadth and depth of service unparalleled
by many competitors. ICapital is top 3 emerging markets fixed income house and continues to
build out its emerging market franchise by scaling up its local footprint in selected locations such
as Brazil, Korea, India, Israel, Russia and the Middle East. This strategy enables ICapital to
capture opportunities with local client base as well as enhancing the product offering and
servicing of offshore clients investing in emerging markets. ICapital emerging-markets product
offering spans Sovereign, Corporate Debt and Credit-Default Swaps. It also offers local debt,
Interest Rate Swaps, FX, Structured Products, Equities, Indices, as well as Financing and
Liability management solutions. ICapital currently has offices in the following emerging market
locations: Mexico, Brazil, Argentina, Russia, UAE, Qatar, Saudi Arabia, Israel, China, Hong

Kong, Taiwan, Korea, Thailand, Malaysia, Singapore, India and South Africa.

5.3 Background of the Data Warehouse Project

The business rationale for Risk and Finance data warehouse (RFDW) is to address data quality
problem across Risk, Finance and Collateral Management functions of ICapital. The rationale
called for streamlining data collection processes across Risk, Finance and Collateral
Management. Before RFDW was implemented, there were multiple data transformations across
the organisation; this makes the original data unrecognisable to its source thus, complicating
discussions with the business teams. Additionally, the lack of well-defined data processes

impacts the quality and timeliness of information available to the business.
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One of the areas where there is a major concern for the business teams is data quality. The lack
of proper data quality program within the organisation resulted in inconsistent adjustments and
valuation of risk within Risk, Finance and Collateral Management functions of the organisation.
Additionally, it was difficult to engage any root cause analysis and little opportunity to get
problematic data fixed at the source. This resulted in many areas of the business working from
inconsistent and often incomplete datasets. It was also recognised by the firm that bespoke
information models limit the bank’s ability to provide ad-hoc analysis, including holistic stress

testing and one-off requests for external information by the regulatory authorities.

Furthermore, Risk and Finance teams working off their own generated datasets limits the bank’s
ability to show the relationship between risk, profit and loss (P&L), capital information and
client valuations; thus, limiting the bank’s ability to provide transparency into these measures.
Although multiple data warehouses were considered as part of the legacy acquisition front-to-
back (F2B) project and legacy ICapital enterprise warehouse strategic projects, the value

proposition is to have one firm-wide data warehouse enabling:

e Increased accuracy and consistency of end of day transactions, positions, risk and P&L
across the Front Office, Middle Office, Risk, Finance and Collateral Management
functions.

e Ability to integrate with a central data quality platform, which will measure quality of
source data, identifies and correct root cause.

e One stop shop for Risk, Finance and Collateral Management teams to cross-reference,

slice and dice and report on end of day information.
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5.3.1 Project Definition and Objectives

The purpose of RFDW project is to provide a single and consistent dataset for Market Risk,
Regulatory Reporting, Collateral Management, Credit Risk and Finance Systems. Risk and
Finance data warehouse was integrated within the Strategic Architecture Program (SAP), and it
is the firm-wide source of end-of-day (EOD) data for Risk and Finance teams at ICapital. The

primary objectives of RFDW are:

e To provide single consistent end-of-day dataset for Market Risk, Credit Risk, Collateral
Management and Finance functions

e To provide rich information model which will support Market Risk, Credit Risk, Collateral
Management and Finance functions with data access tools to support efficient and effective
data retrieval

e To provide next level definition of the End of Day (EOD) control processes and integration

into the strategic architecture

e To integrate with the firm’s central Data Quality platform, this provides data score-carding

capabilities.

The ICapital Risk and Finance data warehouse project was supported by four work streams; they
included the program management, front office integration and data quality, information model
and risk finance integration. The project management work stream is responsible for delivering
and monitoring the overall program plan, tracking progress and monitoring the actions, risks and

issues throughout the development and delivery phases of the project.
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The front office and data quality work stream is responsible for implementing timeline for
sourcing data related to Trades, Positions, Valuations, Explains and Risks into the data
warehouse. The information model work stream is responsible for designing and implementing a
converged information model to support all of the risk and finance processes using a relational
data architecture model. Finally, the risk finance integration work stream is responsible for
defining strategy, requirements, implementation and integration of a number of data marts for
Finance, Credit Risk, Market Risk, Regulatory Reporting and Collateral Management for

RFDW.

5.3.2 The Data Warehouse Architecture

There are four major components that make up the architecture framework for ICapital Risk and

Finance data warehouse. The components include:

e RFDW Data Sourcing Layer
e RFDW Information Model
e RFDW Event Manager

e RFDW Client Interface
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5.3.3 RFDW Data Sourcing Layer

The RFDW data sourcing layer is responsible for interfacing with the upstream systems to
collect data related to trades and positions, explains, valuations, market data and other risk
sensitivities. The data source layer is responsible for collecting the specific business concept data
i.e. trades data in “ICapitalML” format and sends the file to appropriate message queue (MQ)
channel for processing. The “ICapitalML” is a XML file specification for exchanging and

processing data within ICapital.

5.3.4 RFDW Information Model

The RFDW contains a number of business concepts normalized into a relational model to
accommaodate the complexity of trades, settlements and accounting entities that make up the data

warehouse. Table 5-1 outlines some of the business concepts and entities in RFDW data model.

Risk and Finance Data Model Business Concept

Account

Books

Cash flow

Counterparty

Country

Currency

General Ledger

Industry
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Instruments

Journal Postings

Journal Types

Legal Entities

Location

Market Data

Netting Agreement

P &L Item

Product

Ratings

Region

SAP

Securities

Sub Ledger Account/GL

Trade

Traded Exchange

Valuation

Table 5-1: Risk and Finance Data Warehouse Common Business Data (Adapted from ICapital Artifacts)
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5.3.5 RFDW Event Manager

The event manager provides the central communication hub between the data source layer, the
data warehouse and the downstream consumer systems. In RFDW, the data source layer receives
data via reference message pointer from the data warehouse, the data source layer then posts
“Write Confirmation” message to the data warehouse. The data source layer receives control
messages from RFDW when journal-posting transaction is completed. The data source layer
creates INFO_EVENT entry in the data warehouse; the INFO_EVENT contains “query-able”
data in RFDW linked to a given information event. Event types related to trades and positions,

valuation updates and lifecycle events are available in the data warehouse event manager. Figure

Risk and Finance Data Warehouse - Dynamic Message Processing

13 Resuts Meszage——

. . Warsiaang Marssagng & Motcation
Baranyy [T ey [REwed Chare Chareel —— o RO

= e ) )
- Irtwiacn

i, Eveet [ Litwary)

7. Confirmation message

~ ]
E— REDW p—————————————————— 4 peDaaPotscaion 10, 5P)

15, Moww results from Siaging o RFDW

Figure 5-1: Event Manager Dynamic Messaging Processing (Adapted from ICapital Artifacts)
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5.3.6 RFDW Client Interface

The Risk and Finance data warehouse interface provides a single interface for obtaining data
from RFDW. The interface provides notifications to data consumers upon data readiness, and
allows the data consumer to access the data in the data warehouse. Additionally, the interface

allows write-back of accounting adjustments into Risk and Finance data mart.

The next Section presents the implementation of research design for this study.

5.4 Implementation of Research Design for ICapital

Research design is the blueprint of case study research; it is a plan for assembling, organising
and evaluating information according to the problem definition and specific goals for how to use
a research finding (McCoy et al, 1993). This Section describes the open coding activities carried
out to identify the 1Capital analytic category codes by transforming the empirical data collected

from the ICapital research participants.

5.4.1 Transcription of 1Capital Data and Applying Code to Text

As indicated in Section 3.5.6, a recording device was used to capture the interview sessions with

the research participants at ICapital.
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Following each interview, empirical data was transcribed into a readable text using Microsoft

Word. A sample of transcribed interview data is illustrated below in Figure 5-2.

TRANSCRIBED EMPIRICAL DATA

Ko

What is the end-user ability to understand the data relationships in Risk and Finance Data
Warehouse?

MRRMBC

Not exactly, the approach to the model, for me, the business have looked at the model,

but we show that model to the business it was at extremely high level, we showed the client,
trade, party, we showed issuer, things the business is interested in we didn’t trv to definein a
manner that you would think about in physical or logical model. We want our model to be about
how fast are we able to enter and read information — as simple as that. Physical implementation
is all about the access; correct? It wasn’t about whether vou can understand what vou going to
use, it wasn’t about any of that stuff. It’s all about fast inserts and spontaneous inserts and reads.
So we have a high level model which is very high level to the major pieces of information and
within each of that high level, vou are able to drill into the next detail level of that model -
comrect? And I think we want to the personal level thatis the high level to the second level thatis
already at the detailed level and we kind of amive at ER. model to allow us to keep information
which primarily finance is interested in. risk is interested in. We made the attributes that are
associated with that, for example, balance and all of the pieces that hang off of it for example the
instrument, counterparty of the balance etc.; so we look atit from the business domain and we
said finance is interested in balance, risk is interested in sensitivities and all the other pieces of
information related to sensitivities — correct? So, the only place that we sort of really weren’t
closing the dealis on the finest grain of the model is for FLEX- that’s a good model.

And in the case of marts for FLEX, wereallv sat down with the end users in understanding
exactly the product information that they are after forreporting and we created that model which
is pure mart model, dimensional model; they get three level of dimensions of balances, at trade
lewel, at the party level and at the group level, right? So we have 3 levels and all the facts and
dimensions around it; there are some agreed matrixes; there is a matrix saving we can agree
82000 rows every second, we can write 32000 rows every second so we build our model so that
we can achieve that.

Figure 5-2: Transcribed Empirical Data from ICapital Research Participant

As indicated in the research design for this study, the next step carried out by the investigator as
part of the open coding process to identify the thematic categories for this research was line-by-
line coding of transcribed data. Line-by-line coding for this study involved applying descriptive
code to each row of text of transcribed data. A descriptive code is a description of what is

happening in a particular row of text that is interpreted by the investigator; therefore, a
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descriptive code captures the essence of a row of text (Gibbs, 2007) (Gibbs, 2007). For this
research, the investigator imported transcribed data from MS Word into MS Excel where line-
by-line coding was carried out. A sample of line-by-line coding in MS Excel is illustrated in

Figure 5-3 below

EMPIRICAL DATA: LINE-BY-LINE CODING
Transcribed Data ~ | Apply Code to Text: Descriptive Code hd
but we show that model to the business it was at extremely high level, we showed the client, The business looked at the model at high level
trade, party, we showed issuer, things the business is interested in we didn’t try to define ina We showed the business what they are interested in
manner that you would think about in physical or logical model. We want our model to be about Model not defined to business in typical logical or physical manner
So we have a high level model which is very high level to the major pieces of information and Major pieces of information is model at high level
within each of that high level, you are able to drill into the next detail level of that model — The data model allows you to drill to next level of detail
correct? And | think we want to the personal level that is the high level to the second level that is The model has personal and second level of information
already at the detailed level and we kind of arrive at ER model to allow us to keep information Arrived at ER to address requirements
which primarily finance is interested in, risk is interested in. We made the attributes that are The model contains information that finance and risk are interested in
associated with that, for example, balance and all of the pieces that hang off of it for example the The data model contains balance information
instrument, counterparty of the balance etc.; so we look at it from the business domain and we The data model also contains instrument, counterparties and balances
said finance is interested in balance, risk is interested in sensitivities and all the other pieces of Finance is interested in balances and risk is interested in sensitivities
information related to sensitivities —correct? So, the only place that we sort of really weren't Sensitivities and other related information is fact
closing the deal is on the finest grain of the model is for FLEX- that's a good model. Addressing the grain of FLEX reporting, it's a good model
And in the case of marts for FLEX, we really sat down with the end users in understanding Sat down with business users to understand their requirements
exactly the product information that they are after for reporting and we created that model which Sat down with business users to understand their requirements
is pure mart model, dimensional model; they get three level of dimensions of balances, at trade Created model that addressed information required by business
level, at the party level and at the group level, right? So we have 3 levels and all the facts and Created model that addressed information required by business
dimensions around it; there are some agreed matrixes; there is a matrix saying we can agree Created model that addressed information required by business
82000 rows every second, we can write 32000 rows every second so we build our model so that Created model that addressed information required by business
we can achieve that. Created model that addressed information required by business
Yeah, | would say absolutely true, correct? So you have to create data architecture, all the access Model created to address business requirements
on the system right? You have to understand all the loading and the reading access of You need to understand all your requirements
comparable systems if you don't articulate that, you end up with a system that is un-useable, You need to understand your requirements to build useable system
that cannot grow overtime, yes | agree with that statement You need to understand all your requirements
that very well. So | would say in the case of RFDW, we set out the left side and the right side as Data model contain right side and left side information
you might have known; the left side is the information address driving just-in-time information, Left side contains just-in-time information

Figure 5-3: Line-By-Line Coding of Transcribed Empirical Data

5.4.2 Convert Descriptive Codes to Analytic Codes and Compare Codes for Saturation

The next step carried out by the investigator as part of the open coding process to identify the
thematic categories for this research was transforming the descriptive codes into analytical
codes. Gibbs (2007) points out investigators should avoid descriptive codes; instead,
investigators should formulate analytic codes, therefore, an analytic code is a conceptualization

of the descriptive codes by the investigator. The following descriptive codes in Table 5-2 were
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transformed into the analytic codes in Table 5-3 as part of the process of identifying the category

code Generic Requirements.

Line-By-Line Coding - Descriptive Code of Empirical Data

1 | Business looked at the model at high level

2 | Showed the business what they are interested in

3 | Data model not defined to business in typical logical or physical manner

4 | Major pieces of information is model at high level

5 | Data model allows you to drill to next level of detail

6 | Data model has personal and second level of information

7 | Data model has ER and dimensional component

8 | Data model contains information that finance and risk are interested in

9 | Data model contains balance information

10 | Data model contains details related to instrument, counterparties and balances

Table 5-2: Descriptive Codes for Line-By-Line Coding

Analytic Code for Descriptive Codes in Figure 5-2

1 | Data model reviewed with business at high level

2 | Data model addressed generic business requirements

3 | Data model reviewed with business at high level

4 | Data model addressed generic business requirements

5 | Data model enables drill down of information

6 | Data model enables drill down of information
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Data model design is generic

Data model addressed generic business requirements

Data model addressed generic business requirements

10

Data model addressed generic business requirements

Table 5-3: Analytic Codes for Descriptive Codes

As indicated in the research design for this study, the next step engaged by the investigator was

ensuring texts with similar themes were assigned the same code; coded passages were further

reviewed and the codes compared for saturation. Figure 5.4 illustrates the process of

transforming the descriptive codes in Table 5-2 to the analytic codes in Table 5-3; the process

ensured texts with similar themes were assigned the same code using MS Excel.

TRANSFORMING DESCRIPTIVE CODES TO ANALYTIC CODES

Apply Code to Text: Descriptive Code

~ | Descriptive Code -> Analytic Code

~ | Compare Codes for Saturation

The business looked at the model at high level

We showed the business what they are interested in

Model not defined to business in typical logical or physical manner
Major pieces of information is model at high level

The data model allows you to drill to next level of detail

The model has personal and second level of information

Arrived at ER to address requirements

The model contains information that finance and risk are interested in
The data model contains balance information

The data model also contains instrument, counterparties and balances
Finance is interested in balances and risk is interested in sensitivities
Sensitivities and other related information is fact

Addressing the grain of FLEX reporting, it's a good model

Sat down with business users to understand their requirements

Sat down with business users to understand their requirements
Created model that addressed information required by business
Created model that addressed information required by business
Created model that addressed information required by business
Created model that addressed information required by business
Created model that addressed information required by business
Model created to address business requirements

You need to understand all your requirements

You need to understand your requirements to build useable system
You need to understand all your requirements

Data model contain right side and left side information

Left side contains just-in-time information

Model reviewed with business at high level
Model addressed generic business requirements
Model reviewed with business at high level
Model addressed generic business requirements
Model enables drill down of information

Model enables drill down of information

Model addressed generic business requirements
Model addressed generic business requirements
Model addressed generic business requirements
Model addressed generic business requirements
Model addressed generic business requirements
Model addressed generic business requirements
Model addressed generic business requirements

Model addressed generic business requirements
Model addressed generic business requirements
Model addressed generic business requirements
Model addressed generic business requirements
Model addressed generic business requirements
Model addressed generic business requirements
Model addressed generic business requirements
Model addressed generic business requirements
Model addressed generic business requirements
Model addressed generic business requirements
Model addressed generic business requirements
Model addressed generic business requirements
Model addressed generic business requirements

Created multidimensional to focus on reporting require Multidimensional model enables you to focus on sp
Created multidimensional to focus on reporting require Multidimensional model enables you to focus on sp
Created multidimensional to focus on reporting require Multidimensional model enables you to focus on sp
Created multidimensional to focus on reporting require Multidimensional model enables you to focus on sp
Created multidimensional to focus on reporting require Multidimensional model enables you to focus on sp
Created multidimensional to focus on reporting require Multidimensional model enables you to focus on sp
Created multidimensional to focus on reporting require Multidimensional model enables you to focus on sp

Model addressed generic business requirements
Business requirements must be understood
Business requirements must be understood
Business requirements must be understood
Data model contains generic information

Data model contains generic information

Model addressed generic business requirements
Model addressed generic business requirements
Model addressed generic business requirements
Model addressed generic business requirements
Model addressed generic business requirements
Model addressed generic business requirements

Figure 5-4: Transformation of Descriptive Codes to Analytic Codes
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5.4.3 Identify Sub Category Codes and Main Category Codes

Category codes are logical groupings of the thematic analytic codes; a category code facilitates
the retrieval of the underlying codes (Gibbs, 2007). As indicated in Section 3.5.5, the next step
carried out by the investigator was to identify a category which a set of analytic codes aligned.
The following categories were identified as the initial set of category codes for this case study
(High Query Performance, Specific Requirement, Generic Requirements, Defined Goal & Scope,
Staff Experience, Data Consolidation and Diverse Consumers). Analytic codes which did not
aligned with the category codes outlined above were regarded as standalone category codes. The
initial category codes were further distilled to identify top level category codes or main category
codes which the initial set of category codes aligned; this ensured that category codes rolled up
to a top level category code. As a result, the initial category codes (High Query Performance,
Specific Requirement, Generic Requirements, Defined Goal & Scope, Staff Experience, Data
Consolidation and Diverse Consumers) became sub-category codes. As part of the open coding
process for this research, the following main analytic category codes (High Performance of
Query Execution, Business Requirement, Firm Objective, Employee Experience and Enterprise
Data Hub) were identified for this case study. In addition, the following analytic codes (Model
Inflexibility, Limited Complexity & Diversity, Conceptualization Consideration, Diversification)
were standalone category codes, as indicated above; these analytic codes could not be aligned
with any of the sub category codes or main analytic category codes. Figure 5.5 and Figure 5.6
respectively illustrates sample of sub category codes (Generic Requirements, Specific

Requirement) and main analytic category code (Business Requirement) for ICapital case study.

Kazeem Oladele 145



IDENTIFICATION OF SUB-CATEGORY CODES

Descriptive Code -> Analytic Code

- | Compare Codes for Saturation

~ | Sub Category Code

-

Model reviewed with business at high level
Model addressed generic business requirements
Model reviewed with business at high level
Model addressed generic business requirements
Model enables drill down of information

Model enables drill down of information

Model addressed generic business requirements
Model addressed generic business requirements
Model addressed generic business requirements
Model addressed generic business requirements
Model addressed generic business requirements
Model addressed generic business requirements
Model addressed generic business requirements

Model addressed generic business requirements
Business requirements must be understood
Business requirements must be understood
Business requirements must be understood
Data model contains generic information

Data model contains generic information

Model addressed generic business requirements
Model addressed generic business requirements
Model addressed generic business requirements
Model addressed generic business requirements
Model addressed generic business requirements
Model addressed generic business requirements
Model addressed generic business requirements
Model addressed generic business requirements
Model addressed generic business requirements
Model addressed generic business requirements
Model addressed generic business requirements
Model addressed generic business requirements
Model addressed generic business requirements

Model addressed generic business requirements
Model addressed generic business requirements
Model addressed generic business requirements
Model addressed generic business requirements
Model addressed generic business requirements
Model addressed generic business requirements

Generic Requirements
Generic Requirements
Generic Requirements
Generic Requirements
Generic Requirements
Generic Requirements
Generic Requirements
Generic Requirements
Generic Requirements
Generic Requirements
Generic Requirements
Generic Requirements
Generic Requirements

Created multidimensional to focus on reporting require Multidimensional model enables you to focus on sp Specific Requirement
Created multidimensional to focus on reporting require Multidimensional model enables you to focus on sp Specific Requirement
Created multidimensional to focus on reporting require Multidimensional model enables you to focus on sp Specific Requirement
Created multidimensional to focus on reporting require Multidimensional model enables you to focus on sp Specific Requirement
Created multidimensional to focus on reporting require Multidimensional model enables you to focus on sp Specific Requirement
Created multidimensional to focus on reporting require Multidimensional model enables you to focus on sp Specific Requirement
Created multidimensional to focus on reporting require Multidimensional model enables you to focus on sp Specific Requirement

Generic Requirements
Generic Requirements
Generic Requirements
Generic Requirements
Generic Requirements
Generic Requirements

Figure 5-5: Sub-Category Codes (Generic Requirements, Specific Requirement) for the Analytic Codes
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MAIN CATEGORY CODES FOR SUB-CATEGORY CODES

Sub Category Code

- |Main Category Code

T

Generic Requirements
Generic Reguirements
Generic Requirements
Generic Requirements
Generic Requirements
Generic Requirements
Generic Requirements
Generic Requirements
Generic Reguirements
Generic Requirements
Generic Reguirements
Generic Requirements
Generic Reguirements
Specific Requirement
Specific Requirement
Specific Requirement
Specific Requirement
Specific Requirement
Specific Requirement
Specific Requirement
Generic Requirements
Generic Reguirements
Generic Requirements
Generic Reguirements
Generic Requirements
Generic Requirements

Business Requirement
Business Requirement
Business Requirement
Business Requirement
Business Requirement
Business Requirement
Business Requirement
Business Requirement
Business Requirement
Business Requirement
Business Requirement
Business Requirement
Business Requirement
Business Requirement
Business Requirement
Business Requirement
Business Requirement
Business Requirement
Business Requirement
Business Requirement
Business Requirement
Business Requirement
Business Requirement
Business Requirement
Business Requirement
Business Requirement

Figure 5-6: Main Category Codes for Generic Requirements Sub-Category Codes

5.4.4 Identify Property of ICapital Category Codes

As indicated in the research design framework presented in Section 3.5.5, categories have
properties, properties enable analytic category codes to be viewed from multiple perspectives
(Gibbs, 2007). As part of the open coding process for this study, sub category codes developed in
Section 4.3.3 rolled up to the main category codes, thus, the sub category codes became the

properties of top level category codes for this case study. This enables the main category codes
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to be viewed from multiple perspectives. For instance, the category code Business Requirement

has two properties Generic Requirements and Specific Requirement as illustrated in Figure 5.7.

MAIN CATEGORY CODE: PROPERTIES

Main Category Code -T| Property of Main Category Code

Business Requirement
Business Requirement
Business Requirement
Business Requirement
Business Reguirement
Business Requirement
Business Requirement
Business Requirement
Business Requirement
Business Requirement
Business Requirement
Business Requirement
Business Requirement
Business Requirement
Business Requirement
Business Requirement
Business Reguirement
Business Requirement
Business Requirement
Business Requirement
Business Requirement
Business Requirement
Business Requirement
Business Requirement
Business Requirement
Business Requirement

Generic Reguirements
Generic Reguirements
Generic Requirements
Generic Reguirements
Generic Reguirements
Generic Reguirements
Generic Reguirements
Generic Requirements
Generic Reguirements
Generic Requirements
Generic Requirements
Generic Reguirements
Generic Reguirements
Specific Requirement
Specific Requirement
Specific Requirement
Specific Requirement
Specific Requirement
Specific Requirement
Specific Requirement
Generic Reguirements
Generic Requirements
Generic Requirements
Generic Reguirements
Generic Reguirements
Generic Reguirements

Figure 5-7: Property of ICapital Category Codes

5.4.5 Analytic Codes and Frequency Count of Analytic Codes

As part of the open coding process for the study, a count of frequency occurrence of the analytic
category codes was developed, the count of frequency of an analytic code is the number of times
an analytic category code is noted in the empirical data. This was done by counting the number

of times each instance of an analytic category code appeared in the empirical data, the counts
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were then aggregated in MS Excel to provide total frequency occurrence for an analytic category
code; this process is repeated for all the analytic codes. As indicated in Section 3.5.8, analysis of
frequency count of analytic codes is an important step in linking the empirical data with the

research propositions. Figure 5.8 illustrates the build of frequency occurrence of an analytic code

(Generic Requirements) for this study.

FREQUENCY OCCURRENCE OF ANALYTIC CODE

Analytic Code Frequency Occurrence
Generic Requirements
Generic Requirements
Generic Requirements
Generic Requirements
Generic Requirements
Generic Requirements
Generic Requirements
Generic Requirements
Generic Requirements
Generic Requirements
Generic Requirements
Generic Requirements
Generic Requirements
Generic Requirements
Generic Requirements
Generic Requirements
Generic Requirements
Generic Requirements
Generic Requirements

R R el e R i i i e e e i e i e R e =

Generic Requirements 1
Generic Requirements 1
Total 381

Figure 5-8: Frequency Occurrence of Analytic Code

5.5 Presentation of the Results - ICapital Case Study

The interviews at ICapital were conducted with eleven participants, two of whom were senior
data architects at director level, three senior developers, one program manager, one project

manager, two development managers and two business analysts. The directors and the program
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manager were part of the funding group at ICapital, the data architects, developers, project
managers and development manager were part of the execution team responsible for
implementation and development of Risk and Finance data warehouse at ICapital. This chapter is
a result chapter; it presents the result of the interviews at ICapital and aligns the empirical data
with the research propositions. Chapter 6 of the thesis is devoted to data analysis of this
comparative case study. Table 5-2 below presents the frequency occurrence of the analytical

codes for ICapital.

Analytical Codes No of Cumulative | Cumulative
Frequency | Number Percentage

Enterprise Data Consolidation 436 436 33.8

Generic Requirements 381 817 63.3

Defined Goal & Scope 197 1014 78.6

Staff Experience 166 1180 91.5

High Query Performance 87 1267 98.2

User Group Experience 10 1277 99.0

Specific Requirement 5 1282 99.4

Data Conceptualization 4 1286 99.7

Inflexibility of Model 2 1288 99.8

Simplicity of Model 2 1290 100

Total 1290

Table 5-4: Frequency Analysis of the ICapital Analytic Codes (See Appendix 4 for ICapital Open Codes)

The frequency occurrence of each of the analytic codes for ICapital is presented in Table 5-2

above. The column “No of Frequency” contains the number of times an analytic code is noted as
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a decision factor in adopting the relational data model for ICapital Risk and Finance data
warehouse. The column “Cumulative Number” is the aggregation of each of the frequency
number or frequency count of each of the analytic code for ICapital. The column “Cumulative
Percentage” provides the percentage value for the “Cumulative Number”. Figure 5-9 below

presents the data in Table 5-2 in a graphical format using the Pareto chart.

Frequency Analysis - Analytic Codes
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Figure 5-9: Frequency Analysis of the Analytical Codes Using the Pareto Chart

The above Pareto chart presents the frequency analysis of the analytic codes for ICapital case
study. As illustrated in the graph, the analytic codes related to: Enterprise Data Consolidation,
Generic Requirements, Defined Goal and Scope, Staff Experience and Performance accounted

for 98 per cent of the factors that influenced the decision to adopt a relational data model for
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ICapital data warehouse. The rest of this chapter is devoted to presenting the results for these

analytic codes.

5.5.1 Assessing the impact of heterogeneous reporting and analytics requirements

In order to assess the impact of enterprise data consolidation to address different reporting and
analytics requirements on the choice of logical data model for a data warehouse, the questions

below were addressed to the research participants at ICapital.
e How diverse is the user base of your data warehouse?
e How often are different areas of the business on-boarding Risk and Finance data warehouse?

Table 5-3 below outlines the percentage code frequency of the analytic codes related to:
Enterprise Data Consolidation, User Group Experience, Specific Requirement, Data

Conceptualization, Inflexibility of Model, and Simplicity of Model analytic codes extracted from

Table 5-2.

Analytic Codes % Code Frequency
Enterprise Data Consolidation 94.98910675

User Group Experience 2.178649237
Specific Requirement 1.089324619

Data Conceptualization 0.871459695
Inflexibility of Model 0.435729847
Simplicity of Model 0.435729847

Total of % Code Frequency 100

Table 5-5: Percentage Code Frequency of Enterprise Data Integration vs. Other Analytic Codes
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Figure 5-10 below illustrates the frequency analysis of the analytic codes (Table 5-3) in relation
to questions to assess the impact of enterprise data consolidation on the choice of logical data

model for a data warehouse.

Enterprise Data Consolidation - Frequency Analysis
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Figure 5-10: Impact of Enterprise Data Consolidation for Multiple Reporting and Analytic Needs on
Logical Data Model Decision

In Figure 5-10, the responses from the research participants were coded along the x-axis, the
analytical code; the percentage code frequency of each of the analytic code is on the y-axis. The
research participants were asked about the diversity of consumer base of Risk and Finance data
warehouse as a measure to assess the enterprise orientation of RFDW in addressing different
consumer groups reporting and analytics needs. The research participants stated 94 per cent of

the time that RFDW has diverse consumer base across the firm; this percentage number is
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considered high as a decision factor. The percentage code frequency of enterprise data
consolidation as a key decision factor for implementing RFDW on a relational data model is 92
per cent higher than the percentage code frequency of all the other analytical codes combined.
The percentage code frequency of enterprise data consolidation as a key decision factor is also
93 per cent more than the combined percentage code frequency of the analytical codes related to
data conceptualization and specific requirement decision factors. In contrast, the combined
percentage code frequency for other decision factors is quite low, collectively; they represented
just 5% percent of the total decision factors for using relational data model for Risk and Finance
data warehouse. The research participants at ICapital indicated the consumer base of RFDW is
diverse and its data is available to anyone in the firm that requires controlled end of day dataset.
The respondent stated the primary consumer of RFDW are the key functions of the firm
including credit risk, market risk, finance, collateral management, regulatory reporting and

compliance. For instance:

Development manager The data is available to anybody who wants to take the same
controlled end of day data. The data is available to everyone as

long as they are happy with standardised view of the data

Lead Data Architect | would say it is geared towards anyone that requires signed off
and approved information, the middle office and back office

functions

Project Manager The user base of RFDW is very diverse, we have user from other

areas such as compliance, market risk and counterparty risk

Data Architect As more books are on boarded more, more users will be migrated

into RFDW
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The frequency analysis of the analytical code related to enterprise data consolidation indicated
the consumer base of RFDW is diverse. This is in alignment with the research participants’
statement that RFDW was created to consolidate and distribute standardised end of day dataset to
the consumers groups across ICapital. The user base of the data warehouse is growing and
current consumers include the groups from the middle office and back office functions using
RFDW to address varieties of their operational needs. The research participants at ICapital
indicated they implemented the business requirements to standardize trades and positions in the
data warehouse enabling all the consumer groups to work from the same dataset across the firm.
The empirical data appear to support the decision to adopt a relational data model for RFDW was
influenced by the requirement from the business to create a dedicated data hub for capturing the
end of day trades and positions for the firm. Consequently, the business requirement for RFDW
prompted the respondents to engage a course of action based on their judgements and assessment
of I1Capital requirements in alignment with the prescription of the naturalistic decision making
theory. The data provides evidence to support the proposition that consolidating common
enterprise data to address different reporting and analytics requirements of heterogeneous

consumer groups is a decision factor in adopting a relational data model for a data warehouse.

5.5.2 Assessing the impact of generic business requirements

In order to assess the impact of generic business requirements on the choice of logical data

model for a data warehouse, the questions below were addressed to the research participants

e What is the impact of business requirements on the choice of Risk and Finance data

warehouse logical data model?
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¢ How many areas of the business have been on-boarded onto Risk and Finance data

warehouse?

Table 5-4 below outlines the percentage code frequency of the analytic codes related to: Generic
Requirements, User Group Experience, Specific Requirement, Data Conceptualization,

Inflexibility of Model, and Simplicity of Model analytic codes extracted from Table 5-2.

Analytic Codes % Code Frequency
Generic Requirements 94.30693069

User Group Experience 2.475247525
Specific Requirement 1.237623762

Data Conceptualization 0.99009901
Inflexibility of Model 0.495049505
Simplicity of Model 0.495049505

Total of % Code Frequency 100

Table 5-6: Percentage Code Frequency of Generic Requirements vs. Other Analytic Codes

Figure 5-11 below illustrates the frequency analysis of the analytic codes (Table 5-4) in relation
to questions to assess the impact of generic requirements on the choice of logical data model for
a data warehouse. The responses from the research participants provided evidence to support the
proposition that the degree of focus on generic business requirement influences the choice of
logical data model for a data warehouse. All the research participants at ICapital agreed the
business commissioned RFDW to address a major requirement for the firm, to enable all the
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consumers across the firm to report from the same end of day trades and positions dataset from

the data warehouse.

Generic Requirements - Frequency Analysis
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Figure 5-11: Impact of Generic Requirements on Logical Data Model Decision

In Figure 5-11, the responses from the research participants were coded along the x-axis, the
analytic code; the percentage code frequency for each of the analytic codes is on the y-axis. The
research participants were asked about the impact of addressing the generic business
requirements on the choice of logical data model for RFDW. The research participants stated 94
per cent of the time that the data model of RFDW was adopted to address the generic business
requirements. The percentage of code frequency of the analytic code to address the generic
business requirements is more than 31 times the percentage code frequency of other analytic

codes combined and 92 per cent more than the percentage code frequency of the analytic codes
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related to data conceptualization and specific requirement decision factors. The data further
showed the percentage code frequency of the analytic code to address generic business
requirements is more than triple the combined percentage code frequency of the analytic codes
related to model inflexibility, simplicity of model and specific requirement decision factors. The
percentage of code frequency of the analytic code to address the generic business requirements
of RFDW is considered high for a decision factor; in contrast, the rest of the decision factors
accounted for just 6% of the total code frequency for using a relational data model for RFDW.
The research participants agreed the business requirement had a big impact influencing the
choice of logical data model for RFDW. The research participants at ICapital believed the
requirement from the business to create an enterprise data warehouse influenced the decision to
adopt a relational data model for their warehouse. It was recognised by the respondents that data
warehouses are based on business requirement, as such; RFDW was not created because the
respondents thought it would be useful for the firm to create it. Instead, the decision to create
RFDW was based on explicit requirements from the business and appropriately funded. The
respondents believed RFDW relational data model was in alignment with the requirement from
the business to create a central data hub for distributing the end of day trades and positions

across the firm. For instance:

Data Architect The requirement of RFDW is to present data in a unified dataset to
consumers, having standardised architecture for the transactions
coming in from varieties of sources in varieties of structures. The
objective of FRDW is to normalise source data so those
downstream consumers can use data in RFDW to carry out their

business
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Lead Data Architect The business looked at the model at high level to see how
requirements are captured, we showed issuer, client, trade, party,

position, things the business is interested in

Program Manager The primary reason for RFDW is to have one controlled end of
data so that everyone work off the same dataset so you have
consistency across all the consumers whether it is credit risk,
market risk, finance, product control, regulatory reporting or

compliance

In addressing the question related to the number of other areas of the business “on-boarded” onto
Risk and Finance data warehouse, the research participants responded that Risk and Finance data
warehouse has firm wide consumer user base. The RFDW is the data dub for publishing end of
day trades and positions to the downstream consumers at ICapital. The requirement to create a
data warehouse that is a data hub for distributing the end of day trades and position within
ICapital was a key decision factor in adopting a relational data model for RFDW. The data from
the respondents provided evidence to support the naturalistic decision making, the research
participants were able to recognise the requirements from the business is best executed on a
relational data model. For instance, the respondents indicated a relational data model is a good fit
for the type of requirement requested by the business. This not only suggests situation awareness
on the part of the respondents in alignment with the prescription of the naturalistic decision
making, it also indicated mastery of the subject matter, exercising judgement on when and when

not to engage the relational data model. For instance:

Program Manager If you are taking data from lots of different sources and primarily

you are a data provider, it makes sense to stick to normalise model
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The data from ICapital appear to support the proposition that the degree of focus on generic
business requirement influences the choice of logical data model for a data warehouse. The
frequency analysis of the analytical code to address the generic business requirements in the
narrative provides justification to support the proposition that the need to focus on requirements
to address generic business problems is a decision factor influencing the choice of relational data

model for a data warehouse.

5.5.3 Assessing impact of goal and scope of data warehouse

In order to understand the impact of the goal and scope of a data warehouse on the choice of

logical data model, the research participants were asked the questions below:

e What is the role of the goal of Risk and Finance data warehouse on the choice of its data

model?

e What is the impact of the scope of Risk and Finance data warehouse on the choice of its data

model?

e What is end-users’ ability to understand data relationship in your data warehouse in relation

to the goal of the data warehouse?

Table 5-5 below outlines the percentage code frequency of the analytic codes related to: Defined
Goal & Scope, User Group Experience, Specific Requirement, Data Conceptualization,

Inflexibility of Model, and Simplicity of Model analytic codes extracted from Table 5-2.
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Analytic Codes

% Code Frequency

Defined Goal & Scope 89.54545455
User Group Experience 4.545454545
Specific Requirement 2.272727273
Data Conceptualization 1.818181818
Inflexibility of Model 0.909090909
Simplicity of Model 0.909090909
Total of % Code Frequency 100

Table 5-7: Percentage Code Frequency of Defined Goal & Scope vs. Other Analytic Codes

Figure 5-12 below illustrates the frequency analysis of the analytic codes (Table 5-5) in relation

to questions to assess the impact of defined goal and scope on the choice of logical data model

for a data warehouse.

Kazeem Oladele

161



Defined Goal and Scope - Frequency Analysis
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Figure 5-12: Impact of Defined Goal and Scope on Logical Model Decision

In Figure 5-12, the responses from the research participants were coded along the x-axis, the

analytic code; the percentage code frequency of each of the analytic code is on the y-axis. The

research participants were asked about the goal of Risk and Finance data warehouse as a measure

to assess the impact of defined goal and scope of a data warehouse in a decision to adopt a
logical data model for RFDW. The research participants stated 90 per cent of the time that the

goal and scope of Risk and Finance data warehouse was a factor in adopting a relational data

model for RFDW, this number is considered high for a decision factor. This indicated that almost

all the research respondents believed the goal and scope of the business is a decision factor in

adopting a relational data model for Risk and Finance data warehouse.
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As illustrated in Figure 5-12, the percentage rate of code frequency related to defined goal and
scope is more than double the percentage code frequency of user group experience and specific
requirement decision factors. The data indicated the percentage code frequency of the analytic
code related to business defined goal and scope is 88 per cent higher than the percentage code
frequency of the analytic code related to data conceptualization decision factor. In contrast, the
total code frequency for the rest of the decision factors is quite low, the combined code
frequency for the rest of the decision factors accounted for 10% of the decision to use a relational
data model for Risk and Finance data warehouse. The data collected at ICapital indicated the
respondents considered the business stated goal and scope of Risk and Finance data warehouse in
selecting its data model. The data also indicated the respondents were aware of selecting an
appropriate data model for RFDW. This suggested the respondents were cognizant of the risks
associated with selecting a data model that is not in alignment with the business-defined goal for

RFDW. For example:

Data Architect The goal of the business has a lot to do with it, one of the success
criteria for RFDW is to what extent it satisfies the business goal,

the project will be deemed failure if business goal is not met

Lead Data Architect The business looked at the model, we define the model in a manner
that showed all the information the business is after, we showed

the clients, trades, party and issuer

Project Manager The goal set by the business has impact on the direction of RFDW
in general including its choice of data model. The goal is really the
building blocks of RFDW and represents the items that RFDW

must meet to be declared a success
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Development Manager I don’t think you can separate the goal of the business from the

choice of RFDW data model, they all linked together

The data from ICapital indicated RFDW was intended as the data hub for capturing and
distributing the reconciled end of day business data to the heterogeneous business groups within
the firm including credit risk, finance, market risk and compliance functions. To this extent,
adopting a relational data model is judged to be in alignment with the business goal for RFDW.

For instance:

Program Manager The goal of the business is to have all the business areas use and
report from the same set of data. If you are finance and you want
to calculate your P&L, the basic transaction data into your
calculation comes from RFDW, the same goes for credit risk and

market risk

The data from ICapital indicated the respondents considered the scope of RFDW as a decision
factor in adopting a relational data model for the data warehouse. In particular, the data showed
the respondents believed a data warehouse that caters for the need of large different consumers

within an enterprise tend to have a complex data model:

Project Manager As you will expect, the data architecture for this type of firm wide
data warehouse is complex. | think people will understand why |
don’t think it will be possible to say you are the golden source of
end of day data to hundreds of consumers across the firm and
people expects your data model to be simple, [ don’t think that will

be possible
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Lead Data Architect I'm actually a believer in the fact that a data warehouse is the
wholesale, it is not the detail. I will also say RFDW is the
wholesale system. If you are creating a wholesale system, which
supports all the information of the firm in the case of RFDW, you

probably want a model that is not too dimensional

Developer The aim of RFDW is to support many areas of the business so
having a data model that enables us to capture any form of trade

data is important to us

The respondents at ICapital acknowledged the business defined goal and scope of Risk and
Finance data warehouse was a decision factor in adopting a relational data model for the data
warehouse. The data indicated the respondents implicitly engaged in situation awareness and
consequently modelled categorisation based on recognising the goal and scope that relational
data model is suited. The frequency analysis of the analytic code to address defined goal and
scope in the narrative provides the justification to support the proposition that the business
defined goal and scope is a decision factor influencing the choice of relational data model for a

data warehouse.

5.5.4 Assessing the impact of implementation orientation of available resources

In order to assess the impact of the implementation orientation of available resources on the
choice of logical data model for a data warehouse, the questions below were addressed to

ICapital research participants.
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e What is the impact of staff experience in the decision to adopt a relational data model for

Risk and Finance data warehouse?

e Would you agree or disagree that your staff experience influenced the choice of the data

model for your data warehouse?

Table 5-6 below outlines the percentage code frequency of the analytic codes related to: Staff

Experience, User Group Experience, Specific Requirement, Data Conceptualization, Inflexibility

of Model, and Simplicity of Model analytic codes extracted from Table 5-2.

Analytic Codes % Code Frequency
Staff Experience 87.83068783
User Group Experience 5.291005291
Specific Requirement 2.645502646

Data Conceptualization

2.116402116

Inflexibility of Model 1.058201058
Simplicity of Model 1.058201058
Total of % Code Frequency 100

Table 5-8: Percentage Code Frequency of Staff Experience vs. Other Analytic Codes
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Figure 5-13 below illustrates the frequency analysis of the analytic codes (Table 5-6) in relation
to questions to assess the impact of staff experience on the choice of logical data model for a data
warehouse. The implementation orientation of available resources is defined by the experience of

the employees tasked with building a data warehouse.
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Figure 5-13: Impact of Staff Experience on Logical Data Model Decision

In Figure 5-13, the responses from the research participants were coded along the x-axis, the
analytic code; the percentage code frequency of each of the analytical code is on the y-axis. The
research participants were asked about the impact of staff experience as a measure to assess the
impact of implementation orientation of available resources in adopting a logical data model for
a data warehouse. The research participants at ICapital stated 87 per cent of the time that their

staff experience was a decision factor in adopting a relational data model for RFDW.
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The percentage code frequency of staff experience as a decision factor for adopting a relational
data model for RFDW is more than 15 times the percentage code frequency of all the other
analytic codes combined, this number is considered high for a decision factor. In contrast, the
code frequency for rest of the decision factors accounted for 12% which is considered low for the
decision factors. The research participants at ICapital expressed their preference for a relational
data model as the most sensible option to address the business requirements and goal of RFDW.

For instance:

Program Manager If you are taking data from lots of different sources and primarily

you are a data provider, it makes sense to stick to normalise model

Lead Data Architect | would say the dimensional model is perfect for just pure mart, a

dimensional model for REDW wouldn’t have worked

Project Manager You want to be able to able to support as much as possible
different requirements so that those consumers in turn can support

operations in their respective areas

Data Architect If you look at RFDW you will see it is evident from the way the
entities are laid out, you can bring in more data later on with

considerable less difficulty

The research participants at ICapital agreed that their staff experience played a key role in
adopting a relational model for their data warehouse. The development team at ICapital had an
overwhelming preference for a relational data model and acknowledged the model was the
appropriate choice to address the business requirement for RFDW. The data from ICapital

provides justification to support the prescriptions of naturalistic decision making.
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The business requirement for RFDW prompted the respondents to engage a course of action
based on their judgements and assessment of ICapital requirements in alignment with the
naturalistic decision making theory. The empirical data provides the justification to support the
proposition that implementation orientation of available resources impacts the choice of logical

data model for a data warehouse.

5.5.5 Assessing the impact of high performance of query execution

In order to understand the impact of high performance of query execution on the choice of
logical data model for a data warehouse, the questions below were addressed to ICapital research

participants.

e What non-functional requirements impacted the choice of Risk and Finance data warehouse

logical data model?

e What other non-functional factors influenced the decision to adopt a relational data model for

Risk and Finance data warehouse?

e How would you characterise the advantages of Risk and Finance data warehouse data model?

Table 5-7 below outlines the percentage code frequency of the analytic codes related to: High
Query Performance, User Group Experience, Specific Requirement, Data Conceptualization,

Inflexibility of Model, and Simplicity of Model analytic codes extracted from Table 5-2.
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Analytic Codes

% Code Frequency

High Query Performance 79.09090909
User Group Experience 9.090909091
Specific Requirement 4.545454545
Data Conceptualization 3.636363636
Inflexibility of Model 1.818181818
Simplicity of Model 1.818181818
Total of % Code Frequency 100

Table 5-9: Percentage Code Frequency of Query Performance vs. Other Analytic Codes

Figure 5-14 below illustrates the frequency analysis of the analytic codes (Table 5-7) in relation

to questions to assess the impact of high performance of query execution on the choice of logical

data model for a data warehouse.
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Figure 5-14: Impact of Performance in Data Warehouse Logical Data Model Decision

In Figure 5-14, the responses from the research participants were coded along the x-axis, the
analytic code; the frequency analysis of the analytic code is on the y-axis. The research
participants were asked about the impact of performance as a measure to assess the performance
of query execution of RFDW. The research participants stated 79 per cent of the time that
performance was a key consideration in using a relational data model for ICapital Risk and
Finance data warehouse, this is considered high for a decision factor. The percentage code
frequency of performance as a key decision factor for implementing the RFDW on a relational
data model is more than 7 times the percentage code frequency of all the other analytic codes
combined. In contrast, the percentage code frequency for the rest of the decision factors is 21%,
this is considered lower for the decision factors. The responses from the research participants
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indicated performance was the most important consideration of any non-functional requirement
for RFDW. One of the non-functional requirements of Risk and Finance data warehouse that
featured prominently in the participant responses was the need to quickly process large volumes
of data that comes into the Risk and Finance data warehouse on a daily basis. All the research
participants stated the importance of performance to the business, downstream consumers and
the expectation of getting high performance out of Risk and Finance data warehouse. One key
element of ensuring RFDW performance is in line with the business expectation is the use of
database appliance for the data warehouse. The participants indicated RFDW database appliance
is designed and optimized for processing large volumes of data that the data warehouse receives
daily. One noticeable observation of the research participants at ICapital is how they strongly
believed in their choice of relational data model for Risk and Finance data warehouse. In order to
shed light on other non-functional factors, which influenced the choice of RFDW logical data
model, the participants reaffirmed that the business requirements was a factor in adopting a
relational data model for Risk and Finance data warehouse. The research participants outlined a
number of advantages of RFDW data model. One of the advantages of RFDW data model

outlined by the research participants is flexibility. For instance:

Project Manager The data model has enabled RFDW to capture vast array of
data in one place what you will normally find in different

systems

Lead Data Architect The attraction of the model is flexibility in the sense that
the model resolves the hidden mismatch between the way
information arrives and the way downstream users is

interested in using that information
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Development Manager The model is incredibly flexible, we can integrate new types

into the model as required

The empirical data from ICapital suggests an alignment with the prescription of naturalistic
decision theory. The data indicates the research participants at ICapital leveraged their
experience of situation awareness, drawing on it to address the business requirement to build
Risk and Finance data warehouse. The respondents at ICapital were able to articulate the benefits
of RFDW data model; they stated the data model allowed them to address the business
requirement of making RFDW the data provider of end of the day trades and positions across the
firm. The participants stated their team had to implement a data model that allowed them to
capture as many diverse dataset as possible and process the data as quickly as possible with
minimal data transformations during data loading into RFDW. The research participants
acknowledged that a relational model is not necessarily considered the optimal data model for
performance, however, the respondents stated they improved performance by minimising data
transformation in RFDW and use a database appliance for data processing for their data
warehouse. In alignment with naturalistic decision making, this is an indication the respondents
were using their experience of situation awareness to make judgement and engage an appropriate
course of action to address the issues related to the performance of RFDW. The frequency
occurrence of the analytic code for performance in the narrative provided added justification to
support the proposition that high performance of query execution is a decision factor that

influenced the choice of relational data model for the ICapital data warehouse.
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5.6 Summary of the Findings

This chapter presented the findings of the case study conducted at ICapital; the chapter presented
the result of the factors that influenced the decision to adopt a relational data model for I1Capital

Risk and Finance data warehouse. The findings of the study are summarised below.

5.6.1 Finding 1: Enterprise Data Consolidation is a Decision Factor in Adopting Relational
Data Model for ICapital Data Warehouse

The study finds ICapital Risk and Finance data warehouse is an enterprise data warehouse and
distributor of standardised dataset to the other consumer groups within ICapital. The consumer
base of Risk and Finance data warehouse is diverse because RFDW is a data provider of end of
the day trades and positions dataset to varieties of consumers within ICapital. In the literature,
integrating enterprise data for various reporting and analytics requirements requires flexible data
model that is oriented to the enterprise view of an organisation and focuses on complex data
structures and interactions (Imhoff, Galemmo and Geiger, 2003; Tryfona, Busborg and
Christiansen, 1999). The data from the research participants showed that the decision to adopt a
relational data model for Risk and Finance data warehouse was influenced by the requirement for
a data warehouse that cater for the generic needs of different consumer groups within ICapital.
The observation from the empirical data showed high proportion of the research participants
indicated the decision to adopt a relational data model for Risk and Finance data warehouse was
influenced by the requirement to create a dedicated data hub for capturing the end of the day
trades and positions for the organisation. The research participants stated 95 per cent of the time

that RFDW has diverse consumer base across the firm.
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The percentage code frequency of enterprise data consolidation as a key decision factor for
implementing RFDW on a relational data model is 89.9 per cent higher than the percentage code
frequency of the analytic codes for user group experience, specific requirement, data
conceptualization inflexibility of the model and simplicity of model. The observation from the
empirical data indicated that lower proportion of the research participants indicated the decision
factors relating to user group experience, specific requirement, data conceptualization
inflexibility of the model and simplicity of model were responsible for adopting a relational data
model for Risk and Finance data warehouse. The combined percentage code frequency for these
decision factors represented 5% percent of the total decision factors for using relational data
model for Risk and Finance data warehouse. The empirical data provided evidence to support the
proposition that consolidating common enterprise data to address different reporting and
analytics requirements is a decision factor in adopting a relational data model for a data

warehouse.

5.6.2 Finding 2: Generic Requirements is a Decision Factor in Adopting Relational Data
Model for ICapital Data Warehouse

One of the important factors that influenced the decision to implement the ICapital data
warehouse on a relational data warehouse was the requirement to build an enterprise data
warehouse that is a data provider of end of the day trades and positions for varieties of
consumers within ICapital. The empirical data indicated the business requirement had a big

impact in influencing the choice of logical data model for RFDW.
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The respondents at ICapital recognised that data warehouses are requirements based;
consequently, the requirement to create RFDW was based on the explicit requirements from the
business and appropriately funded. The respondents at ICapital agreed the business
commissioned Risk and Finance data warehouse to address a major requirement for the firm, to
enable all consumers across the firm to report from the same end of the day business data from
RFDW. In the literature a relational data model is used for a data warehouse designed to support
an enterprise enabling the possibility of different types of reporting and analytics across within
an organisation (Inmon, 2005; Imhoff, Galemmo and Geiger, 2003). The observation from the
empirical data showed high proportion of the research participants indicated the decision to
adopt a relational data model for Risk and Finance data warehouse was influenced by the
requirement to address generic business requirements for a host of business areas and regions for
the organisation. The research participants stated 94 per cent of the time that the data model of
RFDW was adopted to address the generic business requirements. The percentage of code
frequency of the analytic code to address the generic business requirements is more than 31
times the percentage code frequency of the analytic codes for user group experience, specific
requirement, data conceptualization, inflexibility of model, and simplicity of model. Also, the
percentage of code frequency of the analytic code to address generic business requirements is 92
per cent more than the percentage code frequency of the analytic codes related to data
conceptualization and specific requirement decision factors. Additionally, the data showed that
percentage code frequency of the analytic code to address generic business requirements is more
than triple the combined percentage code frequency of the analytic codes related to model

inflexibility, simplicity of model and specific requirement decision factors.
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5.6.3 Finding 3: Goal and Scope is a Decision Factor in Adopting Relational Data Model for
ICapital Data Warehouse

The goal and scope of a data warehouse is an important factor that impacts the choice of logical
data model for a data warehouse. The research participants at ICapital recognised the risk
involved in choosing a data model for a data warehouse without due consideration for the goal of
the data warehouse. The empirical data indicated the business defined goal and scope of RFDW
was in alignment with the logical data model adopted for the ICapital data warehouse. The
respondents strongly believed the data model for RFDW was selected in alignment with the goal
and scope defined by their organisation. The study finds the goal of ICapital Risk and Finance
data warehouse was clearly defined and the scope of the project was large. The empirical data
indicated the business defined goal and the scope of Risk and Finance data warehouse were in
alignment with the logical data model adopted for the ICapital data warehouse, this is consistent
with the literature. In the literature, the goal of a data warehouse ultimately defines the scope of a
data warehouse. The scope of a data warehouse where the goal of the data warehouse is oriented
toward an enterprise is larger than the scope of a data warehouse where its goal is oriented to the
need of a particular business area within an enterprise (Imhoff, Galemmo and Geiger, 2003). The
observation from the empirical data showed that high proportion of the research participants
indicated the decision to adopt a relational data model for RFDW was influenced by the
consideration of the goal and scope of Risk and Finance data. In particular, the stated goal and
the scope of Risk and Finance data warehouse was one of the drivers of the decision that led to
adopting a relational data model for Risk and Finance data warehouse. The research participants
stated 90 per cent of the time that the goal and scope of Risk and Finance data warehouse was a

factor in adopting a relational data model for RFDW.
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The percentage code frequency related to defined goal and scope is more than double the
percentage code frequency of user group experience and specific requirement decision factors.
Additionally, the data indicated the percentage code frequency of the analytic code related to
business defined goal and scope is 88 per cent higher than the percentage code frequency of the
analytic code related to data conceptualization decision factor. In contrast, the observation from
the empirical data indicated lower proportion of the research participants indicated the decision
factors relating to user group experience, specific requirement, data conceptualization
inflexibility of the model and simplicity of the model were responsible for adopting a relational
data model for Risk and Finance data warehouse, collectively, these decision factors accounted

for 10% of the decision to use a relational data model for Risk and Finance data warehouse.

5.6.4 Finding 4: Staff Experience is a Decision Factor in Adopting Relational Data Model for
ICapital Data Warehouse

The implementation orientation of the staff tasked with building a data warehouse is an
important factor that impacts the choice of logical data model for a data warehouse. The
empirical data from the study indicated that ICapital staff leveraged their prior experiences and
drawn on it to address the requirements to build a data warehouse for their organisation.
Vassiliadis (2004) notes that data warehousing landscape is defined by “do-it-yourself” advice
from experts and proprietary vendor solutions, the empirical data indicated that the research
participants at ICapital have considerable experience in relational data model and recognised
situations where using any other type of data model apart from relational data model would not

have worked to address the requirements from their organisation.
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The observation from the empirical data showed that high proportion of the research participants
indicated the decision to adopt a relational data model for Risk and Finance data warehouse was
influenced by the experience of their implementation teams. The research participants at 1Capital
stated 87 per cent of the time that their staff experience was a decision factor in adopting a
relational data model for RFDW. The percentage code frequency of staff experience as a
decision factor for adopting a relational data model for RFDW is more than 15 times the
percentage code frequency of the analytic codes for user group experience, specific requirement,
data conceptualization inflexibility of the model and simplicity of the model. In contrast, these
decision factors accounted for 12% of the decision to use a relational data model for Risk and
Finance data warehouse. The empirical data provided the justification to support the proposition
that the implementation orientation of available resources impacts the choice of logical data

model for a data warehouse.

5.6.5 Finding 5: High Query Performance is a Decision Factor in Adopting Relational Data
Model for ICapital Data Warehouse

The study finds the research participants indicated performance is the most important non-
functional requirement that influenced the choice of Risk and Finance data warehouse data
model. One of the non-functional requirements of Risk and Finance data warehouse that featured
prominently in the participant responses was the need to quickly process large volumes of data
that comes into Risk and Finance data warehouse on a daily basis. The research participants
stated the importance of performance to the business, downstream consumers and the

expectation of getting high performance out of Risk and Finance data warehouse.
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The study finds the research participants engaged an appliance database to ensure the
performance of RFDW is in line with the business expectation. The participants indicated RFDW
database appliance is designed and optimized for processing large volumes of data that the data
warehouse receives daily. This finding is in contrast with the literature, in the literature, the most
important performance consideration in data warehousing concerns the optimal selection of
database objects such as indexes, which is based on the logical data model adopted for a data
warehouse (Golfarelli and Rizzi, 1998). The empirical data showed that high proportion of the
research participants indicated that performance was a key consideration in using a relational
data model for ICapital Risk and Finance data warehouse. The empirical data indicated the
importance of performance to the business, downstream consumers and the expectation of
getting high performance out of Risk and Finance data warehouse. The research participants
stated 79 per cent of the time that performance was a key consideration in using a relational data
model for ICapital Risk and Finance data warehouse. The percentage code frequency of
performance as a key decision factor for implementing the RFDW on a relational data model is
more than 7 times the percentage code frequency of the analytic codes for user group experience,
specific requirement, data conceptualization inflexibility of the model and simplicity of the
model. In contrast, these decision factors accounted for 21% of the decision to use a relational

data model for Risk and Finance data warehouse.
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CHAPTER 6 - Discussion of the Case Studies

6.1 Introduction

This chapter presents a detailed discussion of the results presented in Chapters 4 and 5 for the
case studies conducted at GWealth and ICapital, the wealth management and investment banking
division of a global financial institution, TBank. In presenting the discussion of the research
findings, the chapter analyses the observations from the empirical data in the light of the research
propositions. In addition, the chapter offers a critique of the findings from the case studies and

presents a revised conceptual model for logical data model adoption.

The chapter is divided into six Sections; Section 6.2 discusses the research findings in detail and
provides an in-depth discussion of each of the factors that influenced the decision to adopt
multidimensional and relational data models in the case organisations. Based on the findings of
the research, Section 6.3 examines the relationships between the research analytic code variables
and the logical data models. Section 6.4 presents a revised conceptual decision model for logical
data model adoption and Section 6.5 discusses the implications of the study for practice and

theory respectively. Lastly, Section 6.6 concludes with a summary.
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6.2 Discussion of the Research Findings

In this Section, the research propositions are discussed based on the empirical findings from the

GWealth and ICapital case studies. Table 6-1 presents a comparison of the findings at GWealth

and ICapital. In Table 6-1, the percentage of code frequency that is 60% and above is rated High,

those between 50% - 59% are rated Medium, those between 0% - 49% are rated Low. The data
points between the ratings represent areas where there are gaps in the frequency analysis; this
presents a cut off for the rating of a category. In the following Sections, each of the findings is

discussed in more detail.
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High Performgnce of High Performance 80 20 | High 79 21 High

Query Execution

Business Requirement Specific Requirement 75 - High | - 6 Low
Generic Requirement - 25 | Low | 94 - High
Firm Objective Defined Goal & Scope | 68 32 | High | 90 10 High
Employee Experience Staff Experience 60 40 | High | 88 12 High
Enterprise Data Hub Data Consolidation (98) 2 Low | 93 7 High
Diverse Consumers (53) 47 | Low | 95 5 High

Table 6-1: Summary of the Findings at GWealth and I1Capital Case Studies
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6.2.1 High Performance of Query Execution

Improving faster data access and query performance of data warehouses are important
considerations in data warehousing (Kimball, 1995, 1997; Weininger, 2002). In the literature,
multidimensional data modelling is seen as a technique that presents data in a standard intuitive
framework that allows for high performance as queries in decision support systems requires
significant data joining and aggregations (Kimball, 1995; 1977). High performance of query
execution was rated high as a decision factor for the GWealth and ICapital cases, the research
participants at GWealth stated 80% of the time that performance was a key factor in using a
multidimensional for their reporting data warehouse. Equally, the research participants at
ICapital stated 79% of the time that performance was a factor in their consideration for using a
relational data model for their data warehouse. In the case of GWealth, the research participants
used a multidimensional data model as the primary tool kit that enabled them to achieve high
performance. This is consistent with the literature; a multidimensional data model is seen as
better for performance. In the literature, the attractiveness of using a multidimensional schema
for a data warehouse is that it improves performance (Kimball and Ross, 2002; Kimball, 2005;
Kimball 1997). The key decision-makers at GWealth believed a multidimensional data model
enabled them to achieve high performance of query execution for their data warehouse. One of
the reasons why the research participants at GWealth adopted a multidimensional data model for
their data warehouse was because of the need to quickly process reports of statements for their

client:
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Development Manager Getting the reports out to clients is very important to us so
we used the data model that enabled us to get data out very

fast so that we can report on it

In alignment with the literature, one of the advantages of using a multidimensional data model is
that multidimensional data warehouses are easier to understand (Kimball and Ross, 2002;
Herden, 2000). This view is supported by the empirical data; the research participants at
GWealth outlined some advantages of the data model for reporting data warehouse. One of the
advantages outlined by the research participants was that the reporting warehouse data model is

easier to understand:

Project Manager | would say for me, it is easier to understand and easier to
isolate issues and of course, it allows you to focus on what
you initially set out to do which is to implement a reporting

warehouse

Data Architect the main one for me is around the query performance and
the end-user being able to understand exactly what you

build

High performance of query execution as a decision factor is also rated high for the research
participants at ICapital. This outcome is consistent with the research proposition RP1 — high
performance of query execution is a factor influencing the choice of data model for a data
warehouse. Although the observed outcome is consistent with the research proposition RP1, it is
necessary to question the extent to which a multidimensional data model is solely responsible for

the performance gain claimed by the research participants at GWealth.
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First, it is not clear from the empirical data whether GWealth operates a “Shared Services”
operating model. Shared services enables organisation to leverage and consolidate business
operations that are used by multiple functions within an organisation, the aim of which to
eliminate redundancies and reduce the operating cost (Rouse, 2013). As GWealth move towards
a shared services operating model, it is likely the performance of reporting data warehouse will
degrade overtime as the reporting team implements shared services agreement with other
technology functions within GWealth. As more services and applications are placed on the
reporting data warehouse server as part of the shared services operating model, the faster the
performance degradation the reporting team will experience overtime. In this situation, a
question can be asked of the reporting data warehouse team whether they still believe their
multidimensional data model is responsible for the performance gain of the reporting data
warehouse or it is the “un-shared, resource rich” infrastructure environment of the reporting data
warehouse that provided the performance gain that was wrongly attributed to a multidimensional

data model. The answer considered likely would be the latter.

Second, even if the management of GWealth has no intention of operating shared services model
in the future, it is likely that as the management attempt to justify Return on Investment (ROI) on
their existing infrastructure expenditure, they will request that future applications and services
leverage the existing infrastructure environment, over a period of time, this will impact the
performance of all the applications and services on the infrastructure. This brings us back to the
question that was raised earlier whether it is truly a multidimensional data model that improves
performance or it is the infrastructure environment that ultimately improves the performance of a

data warehouse.
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As indicated previously, the ICapital team adopted a relational data model for their data
warehouse; the research participants at ICapital stated 79% of the times that performance was a
key consideration in their consideration of using relational data model for Risk and Finance data
warehouse. In addition, the 1Capital team used a database appliance to improve the performance
of their Risk and Finance data warehouse. The use of an appliance database by ICapital team
raises some observations that should be explored. First, it can be argued this is an indication that
a relational data model is not an optimal choice for improving the performance of a data
warehouse unless a data warehouse project is well funded to the extent that there is a budget to
purchase an appliance database that can improve the performance of a data warehouse. Second,
knowing that a relational data model is not considered an optimal for performance and given that
a bus architecture could be used if high performance is imperative for RFDW, the question can
be asked as to whether the ICapital team made the right decision in adopting a relational data
model for the Risk and Finance data warehouse (considering the research participants indicated
79% of the times that performance was a key consideration for their data warehouse). However,
it may be very difficult or almost impossible to use a bus architecture framework for RFDW if
the business objectives of RFDW are taken into consideration. In this situation, the empirical
data appear to suggest that the research participants at ICapital knew precisely why they adopted

a relational data model for their data warehouse. For instance:

Director | would say the dimensional model is perfect for just pure
mart, a dimensional model for REDW wouldn’t have

worked
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First, it can be interpreted from the above statement that the implementation team at ICapital is
aware of the of logical data model that is suitable for their data warehouse, it can also be inferred
from the statement that the implementation team is aware of the potential dangers of using an
inappropriate logical model for their data warehouse. On the surface, it appears that the director’s
comment does not go beyond the assertion that a multidimensional data model is “perfect for just
pure mart”, however, the observation from the empirical data suggests that there are pressing
requirements that the management at 1Capital required their data warehouse to address. For
instance, the overriding requirement for ICapital data warehouse is the need for the RFDW to be
a data hub for their organisation. In this respect, it can be argued that the ICapital team viewed a
database appliance as an integral part of the strategy to address the performance limitations of

the data model they adopted for their data warehouse.

Second, from an operations perspective, the RFDW was commissioned as a global data
warehouse and funded accordingly. It can be interpreted that funding was not an impediment for
the ICapital team in developing the type of data warehouse their management required. As
RFDW is processing data feeds from key regional locations where ICapital operates its
businesses, the empirical data suggests that, longer term, a relational data model provides the
capabilities that ICapital requires as it integrates additional line of businesses into its data
warehouse. In this respect, the cost of purchasing a database appliance could be interpreted as
being “passed on” as part of the cost of doing business. As such, funding for this type of

expensive hardware presents no immediate obstacle for the 1Capital team.
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6.2.2 Focus on Specific and Generic Business Requirements

In the literature, the data architecture of a data warehouse is driven by user requirements;
requirements’ engineering is a reality in demand-driven and supply-driven design frameworks
(Giorgini, Rizzi and Garzetti, 2008). In data warehousing, for demand and supply driven design
frameworks, the degree of focus on specific or generic business requirements is a decision factor
that impacts the choice of logical data model for a data warehouse. In the literature, the user
requirements outlined the vision and the tasks of a data warehouse (Inmon, 2005; Inmon, Imhoff
and Sousa, 2001; Kimball and Ross, 2002; Sperley, 1999; Reeves, Ross, Thornthwaite and
Kimball, 1998). The empirical data from the study is consistent with the literature on the
requirement driver for implementing multidimensional and relational data warehouses. A
multidimensional data model is used to implement a data warehouse that supports the
functionality of a specific part of the business (Imhoff, Galemmo and Geiger, 2003; Kimball and
Ross, 2002). A data warehouse built on a relational data model is engineered to support the
business rules of an entire enterprise; therefore, a relational data model should not be used for a
data warehouse that is oriented to the need of a specific functional area in an organisation.
Instead, a relational data model should be used for a data warehouse that supports an enterprise
enabling the possibility of different types of reporting and analytics across within an organisation
(Inmon, 2005; Imhoff, Galemmo and Geiger, 2003). The outcomes from GWealth and ICapital
cases are consistent with the literature and the research proposition RP2 — degree of focus on
specific requirement or generic requirements is a factor influencing the choice of data model for

a data warehouse
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Focusing on the requirements to address the business needs is rated high as a decision factor by
the research participants at GWealth and ICapital cases. For the research participants at
GWealth, focusing on the specific business requirement to create a client reporting data
warehouse was rated high as a decision factor. The research participants at GWealth stated 81
per cent of the time that the data model for their reporting data warehouse was adopted to
address a specific requirement of their business for client reporting, consequently, this category
property was rated high by the research participants. The research participants at GWealth
equally rated the simplicity of their data model high. In contrast, research participants at
GWealth rated low enterprise properties such as generic requirements for their data warehouse.
As a result, the implementation team at GWealth did not find a relational data model suitable for

their reporting data warehouse. For instance:

Data Architect The requirement was to develop a data warehouse for
creating reporting statements for clients of the firm. | found
multidimensional model to be perfect for that type of

requirement

As described in Section 4.3.2, the research participants at GWealth considered a
multidimensional data model to be particularly suitable for implementing a business requirement
that is not perceived as complex or a data warehouse that is not intended to support

heterogeneous consumers with diverse needs and requirements. For instance:

Data Architect If the scope is very small as in the case of the reporting
warehouse, a multidimensional data architecture lend itself

to a much better data warehouse
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Although the research participants at GWealth stated 84 per cent of the time that a
multidimensional data model was adopted for the reporting data warehouse to address a specific
requirement of client reporting for their organisation, it is necessary to point out that the
GWealth implementation team did not specifically considered the future requirements of their
business users while building the reporting data warehouse. While it is true the implementation
team at GWealth developed the reporting data warehouse to address current business
requirement to address the challenges faced by their organisation today, there is no guarantee the
reporting data warehouse will meet the reporting needs of the organisation in future. As GWealth
operates in a dynamic and changing business environment; it is unlikely the organisation will be
able to fully leverage today’s solution to address tomorrow’s needs without significant
modifications to the existing data warehouse. In this situation, although a bus architecture
framework is an option available to the GWealth team to address potential future requirements;
this option is only useful if the granularity of data for future enhancements is the same as the
granularity of the existing data in the reporting data warehouse. Additionally, it is likely that
such a retrofitting exercise may prove too costly to the extent that the management decide to
abandon the retrofitting effort in favour of building a new data warehouse. The implementation
team at GWealth could avoid this type of problematic situation by been proactive and thinking
strategically about the potential future needs of their clients in addition to addressing the existing

requirements of their business for client reporting data warehouse.

Focusing on the requirements to address the generic requirements of their organisation was
equally rated high by the research participants at ICapital. For the participants at ICapital, the

overriding requirements driving the need for a data warehouse was the requirement to capture,
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consolidate and distributes the reconciled end of day (EOD) trades data in their organisation. The
research participants at ICapital stated 94 per cent of the time that the RFDW data model was
adopted to address generic business requirements of their organisation. The ICapital
requirements tasked its data warehouse to ‘on board’ consumers across the enterprise and ensure
that all the functional areas of the organisation use the same dataset. These requirements
influenced the research participants to use a relational data model for their data warehouse. In the
light of the requirements from their management, the research participants at ICapital did not

find a multidimensional data model suitable for their data warehouse.

Program Manager If you are taking data from lots of different sources and
primarily you are a data provider, it makes sense to stick to

normalised model

The research participants at ICapital rated high enterprise properties such as generic and diverse
requirements for their data warehouse. Additionally, they rated properties such as specific
requirement, simplicity of requirement low; these properties were considered suitable for a
multidimensional data model. As a result, the implementation team at 1Capital did not find a

multidimensional data model suitable for their data warehouse. For instance:

Director | would say the dimensional model is perfect for just pure
mart, a dimensional model for REDW wouldn’t have

worked

The business requirements underpinning the ICapital relational data warehouse is complex and
the data warehouse is intended to support the needs of numerous functional departments within

the organisation. For instance:
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Program Manager The primary reason for RFDW is to have one controlled
end of day data so that everyone work off the same dataset
S0 you have consistency across all the consumers whether
it is credit risk, market risk, finance, product control,

regulatory reporting or compliance

The above outcome is also consistent with the literature; a relational data model is usually
oriented to the enterprise view of the organisation and focuses on complex data interactions

(Imhoff, Galemmo and Geiger, 2003; Tryfona, Busborg and Christiansen, 1999).

6.2.3 The Goal and Scope of the Data Warehouse

In the literature, the goal of a data warehouse defines the scope of a data warehouse (Giorgini et
al, 2005; Imhoff, Galemmo and Geiger, 2003). However, the goal of a data warehouse does not
exist in isolation; it reflects the priorities of an organisation as defined in the business
requirements from a data warehouse (Giorgini, Rizzi and Garzetti, 2008). Addressing the goal
and the scope of a data warehouse was rated high as a decision factor for the research
participants at GWealth and ICapital respectively. The research participants at GWealth stated 77
per cent of the time that the goal and scope of their reporting data warehouse was a factor in
adopting a multidimensional data model for the reporting data warehouse. Equally, the research
participants at ICapital stated 90 per cent of the time that the goal and scope of Risk and Finance
data warehouse was a factor in adopting a relational data model for RFDW. The outcomes of
goal and scope decision factors for GWealth and ICapital cases are consistent with the literature

and the research proposition RP3 — the goal and scope of data warehouse is a factor influencing
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the choice of a logical data model for a data warehouse. For the research participants at GWealth,
the requirement from their management is in alignment with their organisation objective. In the
business requirement, their organisation objective was translated into the goal and scope of the

reporting data warehouse in support of the firm objective.

Director It is important to consider the goal of your data warehouse
before you select your data model, this enables you to
select the appropriate architecture having considered all
other factors that are critical to achieving the goal of the

data warehouse

Data Architect You want to use the data model that is best fit for the goal
of your data warehouse, otherwise, you may find your
initial goals are not fully realised by using an
inappropriate data model; that would be unacceptable to

the business

As described in Section 4.3.3, the firm objective was to stay ahead of the competition, of which,
the reporting data warehouse was the key enabler. Additionally, the scope of GWealth data
warehouse was limited to client reporting to achieve the firm goal. The goal and the scope
defined for the reporting data warehouse in the business requirement document (BRD)

influenced the decision to use a multidimensional data model for GWealth data warehouse.

Director The scope of the data warehouse is important as the goal of
the data warehouse. In most cases, the goal of the data

warehouse will determine the scope and size of the data
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warehouse, both are important factors in determining the

choice of your data warehouse data model

In the literature, the requirements underpinning a multidimensional data warehouse is derived
from a business area requesting the data warehouse (Imhoff, Galemmo and Geiger, 2003). The
goal and the scope defined in the business requirement for the reporting data warehouse
impacted the choice of the data model adopted for the data warehouse. Specifically, the GWealth
data warehouse was used to produce defined type of client reports on a periodic basis. According
to the research participants at GWealth, their data warehouse was not implemented to cater for
the needs of different departments or functional areas at GWealth, nor was their data warehouse

implemented to ‘on-board’ diverse set of consumers within GWealth.

Program Manager The sole objective of the reporting warehouse is to use it
for reporting purposes, our data model has allowed us to

meet that objective

While the empirical data indicated that the GWealth team has adopted a data model that is
considered appropriate for their reporting data warehouse, it is questionable whether the
implementation team at GWealth will use a relational data model for their data warehouse even
if the scope of the reporting data warehouse is updated by their management to include
addressing the reporting and analytics need of other departments at GWealth. In this situation,
the scope of the reporting data warehouse will increase significantly and span the entire GWealth

organisation.
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However, the implementation teams at GWealth are inclined to use a multidimensional data
model irrespective of the goal and scope requirements for a data warehouse. In this situation, it is
difficult to see how the research participants at GWealth can be persuaded to consider a
relational data model for their data warehouse even though there is a change in the scope and

goal of the data warehouse.

The research participants at ICapital also rated the goal and the scope of their data warehouse
high as decision factor and high priority item to address by the implementation team. The goal of
ensuring the functional areas uses the same trade and finance dataset and the scope of their data
warehouse spanning all the functional areas of their organisation combined to influence the
research participants to use a relational data model for ICapital data warehouse. In the context of
this research, for ICapital case study, the goal and the scope set out in their business
requirements document impacted the choice of the data model adopted for their data warehouse.

For instance:

Data Architect The goal of the business has a lot to do with it, one of the
success criteria for RFDW is to what extent it satisfies the
business goal, the project will be deemed failure if business

goal is not met

In alignment with the literature, data warehouses that are oriented to the needs of the enterprise
are implemented using a relational data model in the CIF framework (Inmon, Imhoff and Sousa,
2001). As described in Section 2.3, a corporate information factory is a landscape of organisation

systems.
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Director If you are creating a wholesale system, which supports all
the information of the firm in the case of RFDW, you

probably want a model that is not too dimensional

6.2.4 Implementation Orientation of Available Resources

In the literature, people make decisions using their previous experience and engage in different
course of action for each situation based on that experience (Baron, 2004; Klein, 2008). The
finding from this study is consistent with the literature on naturalistic decision making. As
presented in Table 6-1, the influence of employee past experience as a decision factor was rated
high by the research participants at GWealth and ICapital. This is also consistent with the
research proposition RP4 — the implementation orientation of available resources is a factor
influencing the choice of data model for a data warehouse. The research participants at GWealth
stated 60 per cent of the time that their staff experience is a decision factor in adopting a
multidimensional data model for the reporting data warehouse. Equally, the research participants
at ICapital stated 81 per cent of the time that their staff experience was a decision factor in
adopting a relational data model for their data warehouse. For the research participants at
GWealth, the past experience of the key decision-makers in multidimensional data modelling is
pronounced and in most cases, a multidimensional data model is the only data model they have
used in their previous data warehousing projects. For the research participants at GWealth, a
multidimensional data model was the model of choice to address the business requirement for

client reporting.
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As described in Section 4.3.4, the empirical data from the case study at GWealth provided the
evidence that research participants’ prior experience was one of the main drivers for adopting a

multidimensional data model for the GWealth data warehouse. For instance:

Program Manager My preference is always dimensional warehouses but that’s
just because that is what | know. It was what people in the

team know and have experienced and background

The observation from the empirical data is that although other factors such as performance,
business requirements, goal and scope of client reporting influenced the decision to adopt a
multidimensional data model for the reporting data warehouse, it is also evident that the research
participants previous experience played a major role in their decision to adopt a

multidimensional data model for their data warehouse. For instance:

Director We have a number of senior architects in the team that are
very familiar with dimensional architecture; that had big

influence in choosing it

Project Manager I’s my experience of only ever worked with
multidimensional data warehouse. The people I've worked

with have always been kind of push for that kind of model

The research participants at GWealth have mostly used a multidimensional data model in their
previous careers. Their preference for a multidimensional data model was so strong to the extent
that it is difficult to see how they could be persuaded to use any data model that is not
multidimensional to address the reporting or non-reporting requirements of their data warehouse.

While no one questions that the research participants at GWealth are ardent supporter of
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multidimensional data modelling, it is important to point out some shortcomings of their
reluctance to consider an alternative data model such as a relational data model for their data
warehouse. First, it appears the research participants at GWealth is used to using the same
methodology for so long that they believed it provides solution to all data warehousing problems.
This is problematic in the sense that their organisation may end up with silos of data warehouses

which, in aggregate, may be costly to maintain and integrate for their organisation.

Second, it is evident the research participants at GWealth had considerable experience in
multidimensional data modelling and the benefit that such experienced workforce brings to an
organisation is considerable. Conversely, it can be argued that, over time, unless there is change
in their implementation approach, the research participants experience may also hinder their
long-term contribution to their organisation. The research participants may consider their
approach appropriate for as long as they are presented with similar type of requirement as client
reporting, however, this cannot be guaranteed. If the management at GWealth requires a data
warehouse that captures its entire businesses and disseminates operational data to several
departments for reporting and analytics, it is difficult to see how the GWealth research
participants can apply their previous experience (in multidimensional data modelling) to

requirements that demands new approach in addressing their organisation’s requirements.

The research participants at ICapital equally rated their employee past experience high as a
decision factor influencing the choice of data model for their data warehouse. The research
participants at ICapital had overwhelming preference for using a relational data model for their

Risk and Finance data warehouse.
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The implementation team at ICapital knew from past experience which data warehouse project a

relation data model is suited and recognised RFDW as one of such projects. For instance:

Director | would say the dimensional model is perfect for just pure
mart, a dimensional model for REDW wouldn’t have

worked

In the literature, the impact and influence of previous experience in decision making is widely
discussed. In naturalistic decision making, as people make decisions, they access and categorise
a situation using their previous experience and make judgements about the appropriate course of
action to take (Baron, 2004; Klein, 2008). As described in Section 2.5.4, naturalistic decision
making shifts our understanding of decision making from a model that is based on rational
choice to an approach that is knowledge based drawing on considerable experience on the part of
a decision maker (Klein, 2008; Azuma et al, 2006). Similarly, it is evident from the empirical
data that previous experience of the ICapital team was a factor in their decision to adopt a
relational data model for their data warehouse. As presented in Section 5.3.4, the research
participants at ICapital outlined a number of business requirements that a relational data model is
suitably placed to address. One of the requirements identified by the ICapital research
participants is building a data hub for their organisation. This type of acknowledgement on the
part of the ICapital research participants is an indication of the level of awareness drawing on the

experience of the implementation team at 1Capital (Klein, 2008). For instance:

Project Manager You want to be able to able to support as much as possible
different requirements so that those consumers in turn can

support operations in their respective areas
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6.2.5 Enterprise data consolidation for heterogeneous reporting and analytics requirements

Enterprise capabilities such as firm-wide data consolidation, integration and diversified
consumers were rated low by the research participants at GWealth for their data warehouse.
However, these capabilities were rated high as a decision factor by the research participants at
ICapital for their data warehouse. This outcome is consistent with the research proposition — RP
5 consolidating enterprise data to meet heterogeneous reporting and analytics requirements is a
factor influencing the choice of data model for a data warehouse. The research participants at
GWealth stated 53 per cent of the time that the reporting data warehouse has limited consumer
base. This number indicated that more than half of the research participants at GWealth believed
the reporting data warehouse has limited number of diverse users. On the other hand, the
research participants at ICapital stated 95 per cent of the time that RFDW has diverse consumer
base across their organisation. In the literature, multidimensional data warehouses are driven
from the perspective of the business users (Bruckner, List and Schiefer, 2001; Prakash and
Gosain, 2003; Sperley, 1999; Golfarelli and Rizzi, 1998; Husemann, Lechtenb6rger and VVossen,
2002). A multidimensional data model is used to implement a data warehouse that supports a
specific functionality of the business (Imhoff, Galemmo and Geiger, 2003; Kimball and Ross,
2002). The outcome of GWealth case study is in alignment with the literature. Their data
warehouse is not used to address any enterprise requirement for GWealth; rather, the reporting
data warehouse was used to support the creation of monthly statement reports for the clients of
GWealth. As a result, the research participants rated their client reporting data warehouse low
against enterprise capabilities such as firm wide data consolidation, integration and diversified

enterprise consumers. For instance:
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Data Architect The requirement was to develop a data warehouse for

creating reporting statements for clients of the firm

Program Manager The sole objective of the reporting warehouse is to use it
for reporting purposes, our data model has allowed us to

meet that objective

In the literature, a data warehouse based on a relational data model enables a data warehouse to
support multiple, diverse reporting and analytics requirements within an enterprise (Inmon,
2005; Drewek, 2005; Imhoff, Galemmo and Geiger, 2003). In alignment with the literature, the
flexibility provided by a relational data model enabled the research participants at ICapital to
integrate additional front office businesses into their data warehouse with less difficulty. This
enabled the implementation team at 1Capital to address varieties of stakeholders’ requirements

supporting multiple perspectives of their organisation. For instance:

Data Architect If you look at RFDW you will see it is evident from the way
the entities are laid out, you can bring in more data later

on with less difficulty

Project Manager You want to be able to able to support as much as possible
different requirements so that those consumers in turn can

support operations in their respective areas

The aim of this research is not to take a position on which logical data model is suitable for
addressing the business requirements of the case organisations, rather, the aim of this research is
to examine the decision factors that influenced the research participants in the case organisations

to adopt the logical data model that was chosen for their data warehouses.
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In the light of the literature, the findings presented in Section 4.4 and Section 5.5 and the
discussion above, the next Section examines the degree of relationship between the research

analytic code variables and the logical models adopted at GWealth and I1Capital respectively.

6.3 Test of Relationship Between Analytic Codes and Logical Data Models

Table 6-4 (below) is a multivariate contingency table of the research logical data models and the
frequency of the analytic codes presented in Section 4.4 and Section 5.5. A contingency table is
used to analyse and record the relationship between two or more variables in hypothesis testing
in order to decide whether or not there is a significant relationship between the variables in a
contingency table. Significance in hypothesis testing implies that interpretation of the cell
frequencies in a contingency table is warranted, on the other hand, an in-significant relationship
between the variables in a contingency table implies that any differences in the cell frequencies

may be explained by chance (Stockburger, 1996).

In alignment with the data analysis framework presented in Section 3.5.9, Gibbs (2007) notes the
aim of selective coding is to identify the core category variables that are central to the
phenomenon under study, as a result, the code variables in Table 6-2 from GWealth case study
and the code variables in Table 6-3 from ICapital case study are the core category variables that
are central to this study; these variables are the subset of the analytical code variables presented
in Section 4.3 and Section 5.4 respectively. The code variables in the contingency table (Table 6-

4) were derived from the analytic code variables in Table 6-2 and 6-3 respectively.
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ACV | GWealth Analytical Codes Variables (ACV) No of Frequency

1 High Query Performance 72

2 Specific Business Requirement 84

3 Defined Goal & Scope 65

4 Staff Experience 81

5 Enterprise Data Consolidation 22
Total 324

Table 6-2: Number of Frequency of GWealth Analytic Codes

ACV | ICapital Analytical Codes Variables (ACV) No of Frequency
1 High Query Performance 87
2 Generic Business Requirements 381
3 Defined Goal & Scope 197
4 Staff Experience 166
5 Enterprise Data Consolidation 436
Total 1267

Table 6-3: Number of Frequency of ICapital Analytic Codes

In table 6-4 (below), the research Analytic Code Variables (ACV) related to High Performance =

ACV1, Business Requirements = ACV2, Goal and Scope = ACV3, Staff Experience = ACV4,

Enterprise Data Consolidation = ACV5.
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OUTCOME

Logical Data Model (LDM) ACV1 ACV?2 ACV3 ACV4 ACV5 Total
Multidimensional Data Model 72 84 65 81 22 324
(MDM)

Relational Data Model (RDM) | 87 381 197 166 436 1267
Total 159 465 262 247 458 1591

Table 6-4: Contingency table of Logical Data Models and Observed Frequency of Analytic Codes

In alignment with the aim of this research in Section 1.2, Table 6.5 presents the observed and

expected code frequencies of the analytic codes to test the degree of significant relationship

between the logical data models (MDM, RDM) and the research analytic code variables (High

Performance, Business Requirements (Specific & Generic), Goal and Scope, Staff Experience,

Enterprise Data Consolidation), this is necessary to disprove the null hypothesis (that there is no

relationship between the analytic codes and the choice of logical data model) inherent between

the analytic code variables and the research logical models in support of the research

propositions.

OUTCOME (Observed & Expected)
Logical Data Model (LDM) | ACV1 ACV2 ACV3 ACV4 ACV5 Total
Multidimensional Data Model | 72 84 65 81 22 324
(MDM) (32.38) (94.70) (53.36) (50.30) (93.27)
Relational Data Model (RDM) | 87 381 197 166 436 1267
(126.62) (370.30) (208.64) | (196.70) | (364.73)
Total 159 465 262 247 458 1591

Table 6-5: Observed and Expected Frequency of Analytic Codes and Logical Data Models
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Table 6.5 computes the expected code frequency for the analytic codes using the formula below:

o TiTj
El,] ZT

Where

Ei,j = The expected frequency for cell i, j
Ti= Total column for the ith row

Tj= Total column for the jth column

T = Total number of observation

The expected cell frequency for MDM/ACV1 is 32.38 ((159*324)/1591). This value represents
the impact of High Performance on choice of LDM indicating that if there is no relationship
between High Performance and MDM the expected outcome of ACV1 is 32.38. Equally,
expected cell frequency for RDM/ACV1 is 126.62 ((159*1267)/1591). This value represents the
impact of High Performance on choice of LDM indicating that if there is no relationship
between High Performance and RDM the expected outcome of ACV1 is 126.62. Table 6.5
shows the expected frequencies in parenthesis for the rest of the analytic code variables. In
determining the significant relationship between the data models (MDM and RDM) and the
research analytic code variables (ACV1, ACV2, ACV3, ACV4 and ACV5), the Chi Square

formula below is used.

0—-E)2
X2 = Zg —157.5
E
Where:
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O = Observed code frequency

E= Expected code frequency

157.5 = Chi Square value for ACV1 —ACV5 (See Appendix 5 for calculations)

The degree of freedom (d.f.) is (r-1) (c-1) or (2-1) (5-1) = 4, where r is the number of rows for

the logical data models in the case studies and C is the number of columns for the research

analytic code variables or outcomes in Table 6.5. Table 6.6 (below) presents the distribution

table to determine the p value. In Table 6.6 (below), the Critical Value for this test is 14.860 with

degree of freedom (DF4); the critical value represents the value for accepting or rejecting the

null hypothesis.

| Chi Square Distribution Table I
[DF][0.995 [ 0.99 ][0.975][ 0.95 ][ 0.90 || 0.10 |[ 0.05 ][ 0.025 || 0.01 |[ 0.005 |
[1]~ ]~ Jo.001 Jjo.004 Jjo.016 J2.706 ][3.841 |[5.024 |6.635 |[7.879 |
[ 2 ][0.010 ][0.020 J[0.051 [0.103 Jj0.211 |[4.605 ]j5.991 |[7.378 ][9.210 ][10.597 |
[ 3]/0.072 Jjo.115 Jj0.216 ][0.352 ][0.584 |[6.251 |[7.815 |[9.348 |[11.345 |[12.838 |
[ 4 ][0.207 ][0.297 |[0.484 |[0.711 [1.064 |[7.779 ]9.488 |[11.143 |[13.277 ][14.860 |
[ 5 ]/0.412 Jjo.554 J[0.831 [1.145 ][1.610 |[9.236 |[11.070 |[12.833 |[15.086 |[16.750 |
[ 6 ][0.676 ][0.872 |[1.237 |[1.635 [[2.204 ][10.645 ][12.592 |[14.449 |[16.812 |[18.548 |
[ 7 ]/0.989 ][1.239 |[1.690 |[2.167 ][2.833 ][12.017 |[14.067 |[16.013 |[18.475 |[20.278 |
[ 8 ][1.344 |[1.646 |[2.180 |[2.733 ][3.490 ][13.362 ][15.507 |[17.535 ][20.090 ][21.955 |
[ 9 ][1.735 ][2.088 |[2.700 |[3.325 |[4.168 |[14.684 ][16.919 |[19.023 ][21.666 |[23.589 |
[10][2.156 |[2.558 |[3.247 |[3.940 |[4.865 |[15.987 ][18.307 |[20.483 |[23.209 ][25.188 |
[11][2.603 |[3.053 |[3.816 |[4.575 |[5.578 |[17.275 |[19.675 |[21.920 |[24.725 |[26.757 |
[12][3.074 |[3.571 |[4.404 |[5.226 |[6.304 |[18.549 ][21.026 |[23.337 |[26.217 ][28.300 |
[13][3.565 ][4.107 |[5.009 |[5.892 |[7.042 |[19.812 |[22.362 |[24.736 |[27.688 |[29.819 |
[14][4.075 |[4.660 |[5.629 |[6.571 |[7.790 |[21.064 ][23.685 |[26.119 ][29.141 |[31.319 |
[15][4.601 |[5.229 |[6.262 |[7.261 |[8.547 |[22.307 |[24.996 |[27.488 ][30.578 |[32.801 |
[16][5.142 |[5.812 |[6.908 |[7.962 ][9.312 |[23.542 |[26.296 |[28.845 |[32.000 |[34.267 |
[17][5.697 |[6.408 |[7.564 |[8.672 [10.085][24.769 ][27.587 |[30.191 |[33.409 |35.718 |
[18][6.265 |[7.015 |[8.231 [9.390 ][10.865][25.989 |[28.869 |[31.526 |[34.805 |[37.156 |
[19][6.844 |[7.633 |[8.907 |[10.117][11.651][27.204 ][30.144 |[32.852 |[36.191 |38.582 |
[20][7.434 |[8.260 |[9.591 |[10.851|[12.443][28.412 |[31.410 |[34.170 |[37.566 |[39.997 |
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| Chi Square Distribution Table |
[DF][0.995 ][ 0.99 ][0.975 ] 0.95 ][ 0.90 |[ 0.10 |[ 0.05 | 0.025 | 0.01 |[ 0.005 |
[21][8.034 |[8.897 |[10.283|[11.591][13.240][29.615 |[32.671 |[35.479 |[38.932 |[41.401 |
[22][8.643 ][0.542 |[10.982|[12.338][14.041][30.813 |[33.924 |[36.781 [40.289 |[42.796 |
[23][9.260 ][10.196][11.689][13.091][14.848][32.007 |[35.172 |[38.076 |[41.638 |[44.181 |
[24][0.886 |[10.856[12.401][13.848][15.659][33.196 |[36.415 |[39.364 |[42.980 ]45.559 |
[ 25][10.520][11.524|[13.120[14.611][16.473][34.382 |[37.652 |[40.646 |[44.314 |46.928 |
[ 26[11.160][12.198][13.844][15.379][17.292][35.563 |[38.885 [[41.923 |[45.642 |[48.290 |
[27][11.808][12.879|[14.573][16.151][18.114][36.741 ][40.113 |[43.195 |[46.963 ][49.645 |
[ 28][12.461][13.565][15.308][16.928][18.939][37.916 ][41.337 |[44.461 |[48.278 |[50.993 |
[29][13.121][14.256[16.047|[17.708][19.768][39.087 |[42.557 |[45.722 |[49.588 |[52.336 |
[30][23.787|[14.953][16.791[18.493][20.599][40.256 ][43.773 |[46.979 |[50.892 |[53.672 |
[40][20.707][22.164|[24.433][26.509][29.051][51.805 |[55.758 |[59.342 [63.691 |[66.766 |
[50][27.991][29.707|[32.357|[34.764][37.689]63.167 ]67.505 |[71.420 |[76.154 |[79.490 |
[ 60][35.534|[37.485][40.482][43.188][46.459][74.397 ][79.082 |[83.298 |[88.379 ]91.952 |
[70](43.275)[45.442][48.758|[51.739][55.329][85.527 [90.531 |[95.023 |[100.425[104.215]
[80][51.172|[53.540|[57.153][60.391][64.278][96.578 ][101.879|[106.629][112.329][116.321]
[90][59.196][61.754|[65.647][69.126][73.291][107.565][113.145][118.136][124.116][128.299)
[100][67.328][70.065][74.222][77.929][82.358][118.498][124.342[129.561][135.807][140.169)

Table 6-6: Chi square distribution table, Source: https://people.richland.edu/james/lecture/m170/tbl-
chi.html, [Date Accessed: 26/05/2014; 30/09/2014]

As indicated above, the critical value for the significant test is 14.860, however, the value of Chi
Square to test for significant relationship between the research analytic code variables (ACV1,
ACV2, ACV3, ACV4, ACV5) the logical data models (MDM, RDM) = 157.5, this number is
greater than critical value of 14.860, thus; the null hypothesis is rejected indicating there is a
significant relationship between the analytic code variables and the decision to adopt
multidimensional or relational logical data model for a data warehouse. In the light of the
result presented above, the empirical data presented in this research provided the evidence to
conclude that the research propositions (RP1, RP2, RP3, RP4 and RP5) are the important
decision factors influencing the choice of logical data model for a data warehouse in the industry.
Although, the value of Chi Square for all the analytic variables is higher than the p value for the
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significant test leading to a rejection of the null hypothesis, it is necessary to further examine the
contribution of each of the analytic code variables to the value of Chi Square presented above for

the logical models (MDM, RDM). Table 6.7 presents the percentage contribution of the ACV’s

for Table 6.4.
Percentage (%) Contribution of ACVs’ For MDM & RDM

Logical Data Model (LDM) ACV1 ACV2 ACV3 ACV4 ACV5 %
Total

Multidimensional Data Model | 22.22% 25.93% 20.06% 25% 6.79% 20.4

(MDM)

Relational Data Model (RDM) | 6.87% 30.07% 15.55% 13.10% 34.41% 79.6%

% Total 9.99% 29.23% 16.47% 15.52% 28.79% 100%

Table 6-7: Percentage Contribution of the Analytic Code Variables

The Sections are devoted to examining each of the analytic code variables and their significance

to both multidimensional and relational data models.

6.3.1 ACV1 and the Significant Relationship Test

As presented in Table 6-5 above, the values of observed and expected outcomes of ACV1 for
MDM are 72 and 32.38 respectively; these values are used for ACV1 together with the values of
observed and expected outcomes of other ACVs’ to determine the level significant relationship
between the analytical variables ACVs’ and the logical data models (MDM and RDM). As
presented in Section 6.3, the Chi Square value equals 157.5; the contribution of ACV1 to the Chi
Square value for ACV1 and MDM equals 48.48 indicating that the percentage contribution of
ACV1 to the total value of adopting MDM for the GWealth reporting data warehouse is 22.22%.

The Chi Square value indicated that there is a significant relationship between ACV1 (high
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performance) and the choice of multidimensional data model (MDM) for a data warehouse.
Further examination of the observed and expected outcomes for ACV1 indicated that there is
also a significant relationship between ACV1 and RDM (i.e. the decision to use a relational data
model for a data warehouse). The contribution of ACV1 to the Chi Square value for ACV1 and
RDM equals 12.40. Although the Chi Square for all the combined variables indicated that there
is a significant relationship between the variables (ACV1, ACV2, ACV3, ACV4, ACV5)
combined, further examination of the variable for ACV1 and RDM indicated that ACV1
contributed just 6.87% of the decision to adopt RDM for ICapital data warehouse. In a way, this
is probably explain why a relational data model is not considered an optimal choice if high
performance is a major requirement from a data warehouse; this may also explain why the
RFDW team at ICapital adopted a database appliance as part of the strategy to achieve high
performance for their data warehouse. The implication of this outcome is that, overtime; there is
likely to be an increase in the use of appliance database (as a means of improving performance)

in relational data warehousing.

6.3.2 ACV2 and the Significant Relationship Test

The values of observed and expected outcomes of ACV2 for MDM are 84 and 94.70
respectively; these values are used for ACV1 together with the values of observed and expected
outcomes of other ACVs’ to determine the level significant relationship between the analytical
variables ACVs’ and the logical data models (MDM and RDM). As presented in Section 6.3, the
Chi Square value equals 157.5; the contribution of ACV2 to the Chi Square value for ACV2 and

MDM equals 1.21. Although the Chi Square for all the combined variables indicated that there is
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a significant relationship between the combined variables (ACV1, ACV2, ACV3, ACV4, ACV5),
the Chi Square value for ACVV2/MDM approach indicated that there is a significant relationship
between the variable ACV2 and MDM, for instance the percentage contribution of ACV2 to total
value of adopting MDM is 25.93%, this value is 3.71% more than the contribution of ACV1 in
the decision to adopt a MDM for a data warehouse. This indicates that the need to focus on
addressing specific requirement for an organisation is an important factor in adopting a MDM for
a data warehouse. The same is also true for ACV2 and RDM, for instance, the values of observed
and expected outcomes for ACV2 and RDM are 381, 370.30 respectively; the contribution of
ACV?2 to the Chi Square value equals 0.31, however, the percentage contribution of ACV2 to the
total value of adopting RDM for a data warehouse is 30.07%, this is an increase of 23.2% on the
percentage contribution of ACV1 for adopting RDM, indicating that there is a significant
relationship in adopting a relational data model to address generic requirements for an

organisation.

6.3.3 ACV3 and the Significant Relationship Test

The values of observed and expected outcomes of variable ACV3 for MDM are 65 and 53.36
respectively; these values are used for ACV3 together with the values of observed and expected
outcomes of other ACVs’ to determine the level significant relationship between the analytical
variables ACVs’ and the logical data models (MDM and RDM). As presented in Section 6.3, the
Chi Square value equals 157.5; the contribution of ACV3 to the Chi Square value for ACV3 and
MDM equals 2.54 indicating that the percentage contribution of ACV3 to the total value of

adopting MDM for the GWealth reporting data warehouse equal 20.06%, this value is less than
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the percentage contribution of ACV1 and ACV2 (22.22%, 25.93%) respectively. Equally, the
contribution of ACV3 to the Chi Square value for ACV3 and RDM equals 0.65. As presented in
Table 6-5, the percentage contribution of ACV3 to the total value of adopting a RDM for a data
warehouse equals 15.55%, this value is 14.52% less than the percentage contribution of ACV2
(30.07%) to the total value of adopting a RDM for a data warehouse. This suggests that ACV2 is

very significant in the decision to adopt a relational data model for a data warehouse.

6.3.4 ACV4 and the Significant Relationship Test

The values of observed and expected outcomes of variable ACV4 for MDM are 81 and 50.30
respectively; these values are used for ACV4 together with the values of observed and expected
outcomes of other ACVs’ to determine the level significant relationship between the analytical
variables ACVs’ and the logical data models (MDM and RDM). As presented in Section 6.3, the
Chi Square value equals 157.5; the contribution of ACV4 to the Chi Square value for ACV4 and
MDM equals 18.74 indicating that the percentage contribution of ACV4 to the total value of
adopting MDM for the GWealth reporting data warehouse equals 25%. This value is 4.94%
greater than the contribution of ACV3 for adopting MDM and 2.78% greater than the
contribution of ACV1 for adopting a MDM for a data warehouse. This suggest that employee
past experience is considered a significant decision factor (than performance and goal and scope
decision factors) in adopting a multidimensional data model for a data warehouse. The values of
observed and expected outcomes of variable ACV4 for RDM are 166 and 196.70 respectively.
The percentage contribution of ACV4 to the total value of adopting RDM equals 4.79, in

percentage term, the value of contribution of ACV4 to the total value of adopting a RDM is

Kazeem Oladele 211



13.10%, this value represents an increase of 6.23% compared to the contribution of ACV1 for
adopting a RDM for a data warehouse. This also suggest that employee past experience is
considered a significant decision factor (than performance decision factor) in adopting a

relational data model for a data warehouse.

6.3.5 ACV5 and the Significant Relationship Test

The values of observed and expected outcomes for ACV5 and MDM are 22 and 93.27
respectively; these values are used for ACV5 together with the values of observed and expected
outcomes of other ACVs’ to determine the level significant relationship between the analytical
variables ACVs’ and the logical data models (MDM and RDM). As presented in Section 6.3, the
Chi Square value equals 157.5; the contribution of ACV5 to the Chi Square value for ACV5 and
MDM equals 54.46, however, the percentage contribution of ACV5 to the total value of adopting
MDM for the GWealth reporting data warehouse equals 6.79%. As presented in Section 5.4.1,
the reporting data warehouse also scored low on other analytic codes to assess the enterprise
properties of GWealth reporting data warehouse. For instance, enterprise consumer base and
diversification of the data model accounted for just 4 and 2 per cent of the total percentage of the
code frequency for ACV5, indicating that the research participants did not consider those
enterprise factors (i.e. enterprise consumer base, enterprise consumer base and diversification of
the data model) as decision factors for adopting a multidimensional data model for client
reporting data warehouse. On the other hand, the values of observed and expected outcomes for
ACV5/RDM for ICapital data warehouse are 436 and 364.73 respectively; the percentage

contribution of ACVS5 to the total value of adopting RDM equals 13.92. This outcome is

Kazeem Oladele 212



consistent with the empirical data, for instance, the research participants at ICapital stated 95 per
cent of the time that enterprise factors such as enterprise data consolidation and enterprise
consumer base were important factors in adopting a relational data model for RFDW. In
percentage term, the percentage contribution of ACV5 to the total value of adopting a RDM for
data warehouse is 34.41%, this value is 4.34% greater than the percentage contribution of ACV2
(30.07%) and 5.76% greater than the combined percentage contributions of ACV3, ACV4. The
percentage contribution of ACV5 for ACV5/RDM is also 27%.54% greater than the contribution
of ACV1 for adopting a RDM for a data warehouse, indicating that ACV5 is considered a
significant decision factor compared to other analytic code variables in adopting a relational data
model for a data warehouse. In the light of the analysis presented above, the next Section
presents the revised conceptual decision model for adopting a logical data model for a data

warehouse.

6.4 Decision Matrix for Logical Data Model Adoption

Table 6-9 presents a decision matrix for logical data model adoption for this study. A decision
matrix enables a decision maker to evaluate and prioritise his/her options; it is useful in
situations where a decision maker has a number of alternatives to choose from and where there
are many different factors to take into account (Brooks, 2014). The following processes were
engaged in constructing the decision matrix presented in Table 6-9 and are in alignment with the

American Society for Quality (ASQ, 2014):
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e Identify evaluation criteria, the evaluation criteria for the decision matrix in Table 6.9 are
the analytic code variables (ACV) presented in Section 6.3; these are the decision factors
that are considered to be impacting the choice of logical data model (LDM) in data

warehousing.

e Assign relative weight to each ACV based on importance of each ACV to the choice of
LDM, Note 2 in Table 6-8 presents the derivation of relative weight for the decision

matrix.

e Establish and assign rating scale to each ACV in order to evaluate each ACV for logical
data model adoption. Note 1 in Table 6-8 presents the derivation of rating scale for the

decision matrix.

In order not to introduce bias into the decision matrix, the relative weight for each of the analytic
variables is kept constant at 3 indicating that the relative weight of each analytic code variable is
high as indicated in Note 2 in Table 6-8. Equally, the rating scale of ACV is derived from the
percentage contribution of each ACV to the value of Chi-Square presented in Sections 6.3.1 —
6.3.5; the values in column “% Contribution to Chi-Square” were extracted from Table 6-7 in
Section 6.3. Additionally, Note 1 in Table 6-8 provides the derivation and translation of rating

scale for decision matrix in Table 6-9.
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ACV | Analytical Codes Variables LDM Relative | % Rating Scale of
(ACV) Weight | Contribution to | %Contribution
Chi-Square to Chi-Square
(RL) (RS)
1 High Query Performance MDM | 3 22.22% 3
RDM 3 6.87% 1
2 Specific Business Requirements | MDM | 3 25.93% 3
Generic Business Requirements | RDM | 3 30.07% 3
3 Defined Goal & Scope MDM | 3 20.06% 3
RDM 3 15.55% 2
4 Staff Experience MDM |3 25% 3
RDM 3 13.10% 2
5 Enterprise Data Consolidation MDM | 3 6.79% 1
RDM 3 34.41% 3
Note 1: Derivation of Ratings is Based on % of Contribution ACV to Value of Chi Square:
e Low=(<=10%)
e Medium = (>10%, <=20%)
e High=>20%
Rating Scale of %Contribution to Chi-Square
e low=1
e Medium=2
e High=3
Note 2: Relative Weight Values: 1 = Low; 2 = Medium; High = 3 (These values represent the
relative importance of ACV to LDM adoption. For this study, all ACVs are considered
important and assigned relative value of 3 (High) in Table 6-9)
Note 3: RL = Relative Weight
RS = Rating Scale of %Contribution to Chi-Square
Note 4: The values of % contribution of all ACVs to Chi-Square is presented in Table 6-7, Section
6.3

Table 6-8: Derivation and Translation of Relative Weight and Rating Scale for Decision Matrix
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ACV | Analytical Codes Variables Weight MDM RDM
(ACV)
(Constant) | (RL*RS) | (RL*RS)
Points Points
1 High Query Performance 3 3*3=9 3*1=3
2 Business Requirement 3 3*3=9 3*3=9
3 Defined Goal & Scope 3 3*3=9 3*2=6
4 Staff Experience 3 3*3=9 3*2=6
5 Enterprise Data Consolidation 3 3*1=3 3*3=9
Total 39 33

Table 6-9: Decision Matrix for Logical Data Model Adoption in Data Warehousing

In decision matrix, option with the highest score is the decision that should be made (Brooks,
2014), in this context, based on the criteria defined by the analytic code variables (ACVs),
multidimensional data model (MDM) scored the highest number of points (39) against 33 for the
relational data model (RDM). Based on the total score of relative weight and rating scale of
percentage contribution of ACVs, MDM is suggested by the decision matrix as the logical data

model that should be adopted for a data warehouse.

Although, the decision matrix suggested that MDM should be adopted for a data warehouse
based on the total score of the decision matrix, there are interesting observations in Table 6-9
that should be addressed. For instance, there are variations in total score of individual ACVs
when considered on individual basis. As can be observed in Table 6-9, the total score of relative

weight and rating scale of percentage contribution of ACV5 for RDM outweighed that for
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MDM, in this case, if the only criterion (discounting other criteria i.e. ACV1 — ACV4) for
implementing a data warehouse is enterprise data consolidation to address different reporting
and analytics requirements within an organisation, based on the score of this decision factor (9
points for RDM against 3 points for MDM for ACV5), RDM should be adopted as the logical
data model for a data warehouse. Furthermore, if decision factors relating to business
requirements and enterprise data consolidation are the primary criteria for implementing a data
warehouse (i.e. discounting ACV1, ACV3 and ACV4), RDM should be adopted as the logical data
model for a data warehouse. As can be observed in Table 6-9, the aggregation of total score of
relative weight and rating scale of percentage contribution of ACV2 and ACV5 for RDM equals

18 points against 12 points for MDM.

6.5 The Revised Conceptual Model for Data Model Decision

Causal relationship is a process in which data is used to infer causality by an investigator.
Causality is defined in terms of observable and unobservable events (Hidalgo and Sekhon,
2011). In the light of the empirical findings presented in Sections 4.4 and Sections 5.5, the
discussions presented in Section 6.2, the results presented in Section 6.3 and Sub-Sections 6.3.1-
6.3.5 (testing the degree of significant relationship between the research analytic code variables
and the research logical modes (LDM)) and the decision matrix presented in Section 6-4, Figure
6-1 presents the revised conceptual model introduced in Section 2.7.6 for adopting a logical data

model for a data warehouse.
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6.5.1 Difference Between Proposed and Revised Conceptual Models

The revised conceptual model in Figure 6-1 builds on the proposed conceptual model presented
in Section 2.6.6; however, both models are different in the following ways. First, the revised
conceptual model is grounded in the empirical data from the case studies; also, the decision
matrix presented in Section 6.4 is introduced into the revised conceptual model. In contrast, the
proposed conceptual model presented in Section 2.6.6 was developed from the review of

literature.

Second, inherent null hypothesis exists in this study, for instance, it can be argued that there is
no relationship between the analytic codes and the choice of logical data model (null
hypothesis); however, this inherent null hypothesis is rejected. The value of Chi Square
presented in Section 6.3 confirmed that there is a significant relationship between the research
analytic code variables (ACV1, ACV2, ACV3, ACV4, ACV5) the logical data models (MDM,

RDM). The conceptual model is revised based on the result of this test.

Third, based on the empirical data, analysis of the decision matrix presented in Section 6.4
provided pathways for logical data model adoption based on total score of relative weight and
rating scale of percentage contribution of ACVs that are the key determinants of implementing a
data warehouse. As observed from the analysis of the decision matrix presented in Section 6.4, if
decision factors relating to High Query Performance, Defined Goal & Scope, Staff Experience

(ACV1, ACV3 and ACV4) are the primary criteria for implementing a data warehouse, decision

Kazeem Oladele 218



matrix suggests that MDM should be adopted as the logical data model for a data warehouse.
However, if decision factors relating to business requirements and enterprise data consolidation
(ACV2 and ACV5) are the primary criteria for implementing a data warehouse, decision matrix
suggests that RDM should be adopted as the logical data model for a data warehouse. The

conceptual model is also revised based on the prescription of the decision matrix.
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Figure 6-1: Revised Conceptual Decision Model for Selecting Logical Data Model
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6.5.2 The Revised Conceptual Model

As illustrated in Figure 6-1, the factors influencing the choice of logical data model presented in
this thesis are inputs into the proposed decision model; these factors are the decision criteria in
the decision matrix presented in Section 6.4. As discussed in Sections 4.3.3 and 5.3.3, an
organisation objective represents the priority of a firm for its data warehouse. In Figure 6-1, the
decision factors representing high performance of query execution, degree of focus on specific or
generic functionalities, goal and scope, enterprise data consolidation and reporting are
collectively documented as the business requirements from a data warehouse. In the case
organisations, the business requirements encapsulated the firm objectives and provided the
requirements to be addressed by both data warehouses (Inmon, 2005; Inmon, Imhoff and Sousa,

2001; Kimball and Ross, 2002; Sperley, 1999; Reeves, Ross, Thornthwaite and Kimball, 1998).

In naturalistic decision making, people make decisions using their previous experience and
engage a course of action based on that experience (Baron, 2004; Klein, 2008). As presented in
Section 2.6.4, the implementation orientation of the available resources is defined by the past
experience of the employees tasked with building a data warehouse. In the literature, in
naturalistic decision making, familiar situation is characterised by pattern recognition, this
provides reference, context and highlights potential cues between current decision situation and
past situations, if there is a match; a course of action similar to previous decision situation is

taken (Klein, 2008).
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Naturalistic decision making is depicted in the revised conceptual model as a process titled
“Familiar Situation”; this is also considered the OODA loop of the conceptual model as
presented in Section 2.5.4. As presented in Section 4.4.4 and Section 5.5.4; in the case
organisations, the past experience of the research participants in multidimensional and relational
data modelling is pronounced and in most cases the research participants were able to identify
the requirements which multidimensional and relational data models are suited. As presented in
Section 4.3.4, the research participants at GWealth have mostly used a multidimensional data
model in their previous careers. Their preference for the data model was strong to the extent that
it is difficult to see how they could be persuaded to use any data model that is not
multidimensional to address any requirement for a data warehouse. As presented in Section
6.2.4, the research participants at ICapital knew from past experience which data warehouse
project a relation data model is suited and recognised their data warehouse project as one of such
projects; this is an evidence of pattern recognition, a key component in naturalistic decision
making. As presented in Section 5.5.4 and 6.2.4, the research participants not only articulated
that they considered multidimensional data model to be perfect for implementing pure data mart,
they also recognised that in light of the business requirements for their data warehouse, they
considered it appropriate to engage a “normalised model” for ICapital data warehouse. In the
literature, in naturalistic decision making, as people make decisions, they access and categorise a
situation using their previous experience and make judgements about the appropriate course of

action to take (Baron, 2004; Klein, 2008).
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Based on the outcome of the test of significant relationship between the research analytic code
variables (ACV1, ACV2, ACV3, ACV4, ACV5) the logical data models (MDM, RDM), the
decision matrix presented in Section 6.4 is introduced into the revised conceptual model. As
discussed in Sections 4.3 and 5.3, the decision factors relating to high performance of query
execution, goal and scope are non-functional requirements. They both accounted for 80% and
68% of the total percentages of the decision factors that influenced the choice of
multidimensional data model for GWealth data warehouse. As a percentage of the research
propositions, these factors accounted for 27% and 24% respectively. Additionally, the Chi
Square presented in Section 6.3.1 indicated that there is a significant relationship between ACV1
and MDM and ACV1 and RDM, the Chi Square for both methods were 48.48 and 12.40
respectively. Furthermore, as presented in Section 6.3.1, the percentage contribution of ACV1 to
the total value of adopting MDM or RDM for a data warehouse is 22.22% and 6.87%
respectively. Equally, Section 6.3.3 indicated that there is a causal relationship between ACV3
and MDM and causal relationship between ACV3 and RDM. The value of Chi Square for a
significant relationship between ACV3/MDM and ACV3/RDM are 2.54 and 0.65 respectively,
in percentage term, the contribution of ACV3 to the total value of adopting MDM or RDM for a
data warehouse is 20.06% and 15.55% respectively. As discussed in Section 4.3 for GWealth
case study, the decision factor relating to the degree of focus on specific business requirement
accounted for 75% of the overall total decision for adopting a multidimensional data model for

GWealth data warehouse. This factor also accounted for 26% of the research proposition.
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Similarly as discussed in Section 5.3, for ICapital, the degree of focus on generic business
requirement, enterprise data consolidation, heterogeneous reporting and analytics requirements
accounted for 94% and 95% of the total decision percentages for adopting a relational data
model for ICapital data. As presented in Section 6.3.2, there is a causal relationship between
ACV?2 (degree of focus on specific business requirement) and MDM and a causal relationship
between ACV2 (degree of focus on generic business requirements) and RDM. The value of Chi
Square for a significant relationship between ACV2/MDM and ACV2/RDM are 1.21 and 0.31
respectively, in percentage term, the contribution of ACV?2 to the total value of adopting MDM

or RDM for a data warehouse is 25.93% and 30.07% respectively.

As discussed in Sections 4.3 and 5.3, decision factor relating to the orientation of available
resources represented 60% and 88% of the total decision factors for adopting the
multidimensional data model for GWealth data warehouse and relational data model for ICapital
data warehouse respectively. As shown in Section 6.3.4, there is a causal relationship between
ACV4 (staff experience) and MDM and causal relationship between ACV4 and RDM. The value
of Chi Square for a significant relationship between ACV4/MDM and ACV4/RDM are 18.74
and 4.79 respectively, in percentage term, the contribution of ACV4 to the total value of

adopting MDM or RDM for a data warehouse is 25% and 13.10% respectively.
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The decision matrix presented in Figure 6-1 provided the pathways for adopting
multidimensional and relational data models in the conceptual decision model, the paths are
presented as M - PATH and R - PATH respectively. As presented in Section 6.4, Brooks (2014)
suggests that option with the highest score in a decision matrix is the decision that should be
adopted. In Table 6-9, the total score of relative weight and rating scale of percentage
contribution of ACV1, ACV3 and ACV4 for MDM outweighed that for RDM MDM (27 points
for MDM, 15 points for RDM). In Figure 6-1, business requirements for data warehouses with
high degree of focus on performance, high degree of focus on specific functionality, high
degree of focus on goal and scope and high degree of staff experience are categorized via the
M - PATH, this path represents the multidimensional route. In accordance with the analysis of
decision matrix presented in Table 6-9, the M - PATH suggests such business requirements are
best implemented using a multidimensional data model. As presented in the decision matrix
(Table 6-9 in Section 6.4), RDM accumulated 18 points against 12 points for MDM in total score
of relative weight and rating scale for ACV2 (generic business requirements) and ACV5
(enterprise data consolidation for heterogeneous reporting and analytics requirements)
respectively, as a result, in Figure 6-1, business requirements for a data warehouse with high
degree of focus on generic functionalities, high degree of enterprise reporting and analytics
are categorized via R - PATH, this path represents the relational route. The R - PATH suggests
such business requirements are best implemented using a relational data model provided that the
primary purpose of implementing a data warehouse is to address generic business requirements

to cater for various reporting and analytics requirements within an organisation.
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6.6 Implications for Practice

Cavaye (1996) pointed out that case study is applicable where knowledge is limited; the success
of a research in information system is judge by whether knowledge is improved by a research
and to what extent the knowledge gained can be applied in practice (Galliers and Land, 1987).
The studies presented in this thesis are important because the research findings provide the
understanding necessary to explain why pluralistic data architectures exist in data warehousing.
The research adds to knowledge in data warehousing by providing a framework that guides
decision making in adopting a logical data model for a data warehouse. Unlike the research in
data warehousing that investigated which data architecture of a data warehouse is most
successful (Ariyachandra and Watson, 2006); this research makes no assertion about which
logical data model that is considered successful or otherwise. Rather, this research investigated
and documented the nature of the business requirements for a data warehouse that is empirically
suitable for multidimensional and relational data models. In so doing, the conceptual decision
model presented in Figure 6.3 provided the template for solution architects and practitioners in
the industry when considering the type of logical data model on which to implement a data
warehouse. The implications of this research for practice focuses on two areas namely: (a)

Requirements and funding considerations (b) Data integration considerations.
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6.6.1 Requirements and Funding Considerations

In reflecting on the interviews conducted with the research investigator, the key research
participants at GWealth indicated that they did not go through any rigorous decision making
process when they adopted a multidimensional data model for their reporting data warehouse.
The research participants also commented that they did not consider the possibility of exploring
or using any other data model for the reporting data warehouse in the light of the business
requirements that was presented to them at the time. However, they commented that given the
interviews and the discussions that took place in this study, they now realised that, much more

could have been achieved for the business with the reporting data warehouse. For Instance:

Lead Data Architect If | were to do it all again, I wouldn’t do it in a Kimball

style schema, because it is too difficult to change

The research participants also commented that the funding model for the reporting data

warehouse did not enable them to expand the scope of the reporting data warehouse:

Development Manager We could have got more out of it had the funding model
being different and then, had the business witnessed our

ability to get more out of it

The research participants commented that this study got them to think about the other reporting
systems they have in the organisation. They commented that the reporting systems: “they all do
pretty much the same thing”, with appropriate funding they would have the capability to cover

the broadest set of requirements for the firm:
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Lead Data Architect Having the right funding model, we would have captured
the broadest sets of requirements than we had... from then,
we start to synthesize a solution that meets our
requirements. I would be very surprised if we didn’t end up
with relational schema and non-relational marts

implemented either in views or hard marts

The conceptual decision model for selecting a logical data model will help the research
participants at GWealth in addressing the problems described above. The conceptual model
exposes the industry to the varieties of business requirements that multidimensional and
relational data models are suited thereby allowing data warehouse implementation teams to
evaluate the pros and cons of each the data model in relation to their requirements. By engaging
in the study, the GWealth team realised that rather than focusing on the narrow requirement of
client reporting, their organisation could have benefited long term by developing a data
warehouse that allows for various forms of reporting and analytics capabilities for their
organisation. The GWealth team could deploy the conceptual decision model to articulate to the
business the costs and benefits associated with a data warehouse that focuses only on client
reporting versus a data warehouse that addresses the current reporting requirements and also lay
a foundation for future reporting and analytics solutions for the organisation. By deploying the
conceptual decision model to demonstrate to the business the benefits that would be realised by
the organisation in the immediate future, the implementation team at GWealth (or any team in
any organisation in similar situation) can secure necessary funding to implement an appropriate

data warehouse for their organisation. Such a data warehouse will allow the business to address
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current and potential future requirements; this would provide better value and long term benefits

to their organisation.

6.6.2 Data Integration Considerations

The research participants commented that data integration and operational processing are the
other areas where they experienced some difficulties. Because the GWealth team is sourcing data
from multiple sources, their extraction, transformation and data loading (ETL) processes become

so complex to the extent that it impacted the overall performance of their data warehouse.

Worse still, the complexity of the ETL processes and the performance degradation they
experienced (as a result of the ETL) affected the morale of some research participants with

ownership responsibilities for the data warehouse:

Program Manager We try to bring in multiple sources so the loading of the
fact became quite complex....we ended up putting in these
defects fixes in our end of day process to sort of go back
and fix it...that got us over certain hurdles and obviously
the intention was to go back and fix it properly...that never

happened...I never liked that

The research participants did not see the connection between the problem described above and

their data model:

Project Manager They are particularly not related to data architecture
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This report is beneficial to the research participants (and teams in other organisations) enabling
them to establish the connection between their data model and the complexity of their ETL
processes. Although this report will not immediately address the particular data integration and
operational issues described above for the GWealth team, however, this report enables other
organisations to be aware of this type of “foundation issues” when making decisions about the

type of logical data model that will be used for their data warehouse.

6.7 Implications for Theory

Theory is an abstract entity whose aim is to explain, describe and enhance our understanding of
the world, in some cases, it makes predictions of what will happen in the future and provide a
basis for intervention and action (Gregor, 2006). The contributions of this research are
explanatory and predictive in nature ensuring an investigation of the phenomenon under study;
the thoughts put forward were developed and integrated to support the explanation of the
phenomenon leading to a development of the conceptual model for data model decision. The
implication of the research to theory is that the study provides an explanation why the logical
data models based on multidimensional and relational data models defined data architecture in
data warehousing. It is impractical for a study to claim it has provided all the explanations
associated with adopting logical data model for a data warehouse, however, as organisations
implements data warehouses as the foundation for their business intelligence solutions, the study
provides important considerations that should be taken into account when deciding the type of
logical data model to be adopted for a data warehouse. The conceptual model presented in Figure
6-1 addressed the functional requirements and the humanistic experience of executing a business
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requirement for a data warehouse. In so doing, the conceptual model (for data model decision)
provided the association between the research propositions; synthesises of business requirements
and recognition-primed decision model (NDM) leading to decision pathways for logical data
model adoption in data warehousing. In the conceptual model, the M - PATH suggests a
requirement with high degree of focus on performance, high degree of focus on specific
functionality, high degree of focus on goal and scope and high degree of staff experience is
executed via M - PATH, indicating adopting a multidimensional data model for a data
warehouse. The R - PATH indicated a requirement with high degree of focus on generic
functionalities, high degree of enterprise reporting and analytics is executed via R - PATH,

indicating adopting a relational data model for such a data warehouse.
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6.8 Summary

This chapter discussed the findings of the case studies at GWealth and ICapital respectively; in
so doing, the chapter discussed the decision factors impacting the choice of logical data model in
alignment with the research propositions. The chapter comparatively examined each of the
analytic codes, their properties and how they aligned with the research propositions. The chapter
engaged the literature and the empirical data to drive the discussion on the research propositions.
Additionally, the chapter addressed the null hypothesis inherent in the research (i.e. that there is
no relationship between the analytic codes and the choice of logical data model), using a Chi
Square method on the contingency table of observed and expected code frequencies for the case
organisations; the chapter examined the relationship between the research analytic code variables
(ACV1, ACV 2, ACV 3, ACV 4, ACV 5) and the logical data models (MDM, RDM). The Chi
Square test yielded a positive result leading to a rejection of the null hypothesis, the chapter
further examined the contributions of each of the analytic code variables to the Chi Square value
and their significance for each of the logical models (MDM, RDM). While the Chi Square test for
the analytical code variables indicated that there is a significant relationship between the analytic
code variables (ACV1, ACV2, ACV3, ACV4, ACV5) and the logical models (MDM and RDM),
further analysis and examination of each of the analytical code variables also indicated that there
is a significant relationship between ACV1/MDM, ACV1/RDM, ACV2/MDM, ACV2/RDM,

ACV3/MDM, ACV3/RDM, ACV4/MDM, ACV4/RDM and ACV5/MDM, ACV5/RDM.
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Furthermore, based on the analysis of the contributions and the significance of each of the
analytic code variables to the logical data models, the chapter presented a revised conceptual
decision model for logical data model adoption in data warehousing. The decision model
examined the causal relationships between the decision factors, provided synthesises of the
business requirements and recognition-primed decision model (NDM) leading to the decision
pathways for adopting a logical data model in data warehousing. Finally, the chapter examined
the implications of the research for practice and theory; the chapter discussed the contributions of
the work to industry and theory by identifying the nature of the business requirements applicable

to the implementation pathways in the revised conceptual model for logical data model adoption.

Kazeem Oladele 232



CHAPTER 7 - Conclusion

7.1 Research Summary

This research was motivated by polarization of data architecture in data warehousing arising
from the adoption of multidimensional and relational data models in the industry. The aim of this
research is to examine the decision factors influencing the choice of logical data model for data
warehouses in the industry. In pursuit of that aim, the research examined naturalistic decision
making as the theoretical foundation for the research. The empirical data from the study provided
the means of data analysis necessary to achieve the objectives of the research. The objectives set

out in Chapter 1 are summarised below:

Objective 1: Review the state-of-the-art in data warehouse development in order to distill the

factors affecting the choice of data model in data warehousing.

Objective 2: Synthesise the literature in order to try and develop a framework impacting the

choice of logical data model in data warehousing.

Objective 3: Undertake a comparative case study in the organisations using the
multidimensional and relational data models to test the factors impacting the selection of logical

data model for a data warehouse.

Objective 4. Evaluate the outcome of the study to determine the alignment of the decision

factors in practice and contributions to theory
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In achieving the aim and objectives of the study, Chapter 2 presented an overview and key
components of a data warehouse system, a review of the literature in data warehousing was
explored and different phases of implementing a data warehouse was discussed. In the chapter, a
review of the decision theories was examined, in particular, the normative, descriptive,
prescriptive and naturalistic decision theories. The decision to adopt a logical data model for a
data warehouse was explored and multidimensional and relational data models were compared
and contrasted. The chapter presented and discussed the research propositions, the key factors
considered to be influencing the choice of logical data model in data warehousing as indicated by

the literature.

Chapter 3 described the means of achieving the aim and objectives of this study through the
research design. The design outlined the practical steps and processes engaged to address the
research problem. This study used a comparative case study for the case organisations, GWealth
and ICapital, where multidimensional and relational data models respectively were implemented
for their data warehouses. The components of the research design framework were presented and
discussed. For the study, the interview of research participants provided the source of data
collection for the research. The method of linking the empirical data to the research propositions
were presented and discussed. Finally, grounded theory provided the framework for data analysis

for the study using qualitative and quantitative methods.
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Chapter 4 presented the empirical data from the interviews conducted at GWealth. The main
focus of the case at GWealth was to examine the factors that influenced the research participants
to adopt a multidimensional data model for their data warehouse and the extent to which those
factors supported or disproved the research propositions presented in Chapter 2. The empirical
findings of the case study were presented and aligned with the propositions they addressed. For
each of the research findings, the frequency analysis of the analytic codes were presented and
discussed in alignment with the research propositions. The summary of the findings were

presented and discussed.

Chapter 5 presented the empirical data from the interviews conducted at 1Capital. The case
study at ICapital examined the factors that influenced the research participants to adopt a
relational data model for their data warehouse and the extent to which the empirical findings
supported or disproved the research propositions presented in Chapter 2. In presenting the
results, the empirical findings from the case study were presented and aligned with the
propositions they addressed. The frequency analysis of the analytic codes were presented and

discussed in accordance with the research design framework presented in Chapter 3

Chapter 6 provided an in depth discussion of the factors that influenced the choice of logical
data model in the case organisations using the empirical data presented in Chapter 4 and Chapter
5. The chapter critically examined the research findings in alignment with the literature and
naturalistic decision making theory. The analysis of each of the empirical code categories were

presented and discussed in alignment with the research propositions.
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The chapter further presented a contingency table of observed and expected code frequencies for
the research analytic code variables (ACVs’) and tested the degree of significant relationship
between the logical data models (MDM, RDM) and the research ACVs’ (ACV1, ACV2, ACV3,
ACV4, ACV5). The chapter further examined the contributions of each of the analytic code
variables and their significance to each of the logical models (MDM, RDM). Following that, the
conceptual decision model introduced in Chapter 2 was revised in the light of the findings
presented in Section 6.3 and Sub Sections 6.3.1 — 6.3.5. Finally, the implications of the study for

practice and theory were discussed.

7.2 Research Contributions

The findings of this research provided the understanding to explain why multidimensional and
relational data models defined data architecture landscape in data warehousing. Apart from the
findings that a choice of logical data model for a data warehouse is impacted by decision factors
such as: high degree of focus on performance, high degree of focus on specific or generic
functionalities, high degree of focus on goal and scope and high degree of focus on enterprise
data consolidation as presented in Sections 4.5 and 5.6 respectively, the research finds the
research participants in the case studies were keen advocates of their respective logical data
models (MDM and RDM), the research participants had strong preference for the logical data
models they adopted for their respective data warehouses as presented in Sub Sections 4.4.4 and
5.5.4 respectively . The study finds that prior experience of the research participants in
multidimensional and relational data modelling respectively is an important factor in adopting

the MDM and RDM for the data warehouses in the case organisations.
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Furthermore, this study has researched an area where there is no known research on the subject;
although a study was conducted on which data warehouse architecture is most successful
(Ariyachandra and Watson, 2006), that study largely compared different architecture methods,
based on four measures (information quality, system quality, individual impact and organisation
impact) it determined which method was successful. The decision factors that influenced the
choice of logical data model for a data warehouse which, this study investigated has not been
previously researched and documented in the literature. The study presented in this thesis
investigated data warehousing from a logical data model perspective; the study focuses on
understanding and providing explanation why logical data models based on multidimensional
and relation data models defined the data architecture landscape in data warehousing;

consequently the study expanded the literature in this area, as related studies is limited.

The revised conceptual decision model provides the foundation to elucidate the decision
pathways for adopting a logical data model in data warehousing; this is a contribution of this
research. As presented in Section 6-5, the conceptual model is grounded in the empirical data
and confirms the existence of significant relationship between the research analytic code
variables ACVs (ACV1, ACV2, ACV3, ACV4 and ACV5) and LDM (MDM, RDM) leading to
rejection of null hypothesis inherent in the study in Section 6.3. As presented in Section 6.5.2, in
accordance with the analysis of decision matrix presented in Table 6-9, the conceptual decision
model suggested that multidimensional data model should be adopted for a data warehouse with
high degree of focus on performance, high degree of focus on specific functionality, high

degree of focus on goal and scope and high degree of staff experience.
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Equally, the conceptual decision model suggested that relational data model should be adopted
for a data warehouse with high degree of focus on generic functionalities, high degree of
enterprise reporting and analytics. This study will be an invaluable resource for various
implementation teams in several organisations in both industry and research sectors.
Additionally, the study provides the starting point for investigation into the future role of

multidimensional and relational data models in “big data” data warehousing.

7.3 Research Limitations

Although this research has made contributions to our understanding of why pluralistic data
architectures exists in data warehousing, there are limitations that should be taken into account

when interpreting the findings of this study.

First, this study is limited to two case organisations using multidimensional and relational data
models for their data warehouses respectively. The research participants were mainly from the
case organisations and provided the empirical data for this research. It is possible that, as the
business environment and technology changes overtime, the position and views of the research
participants regarding choice of their data model may change or reflect the realities of the point

in time.
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Second, only the technical implementation teams in the case organisations took part in the study.
The end-users were not part of the study mainly because the decision regarding the choice of
logical data model for a data warehouse is a technology decision. As a result, the criteria by
which the user communities judge the success of their data warehouse may be different from that

of the implementation teams.

Third, this research is a qualitative study, although some quantitative methods were used in
analysing the empirical data; qualitative research by nature relies on interpretation of social
reality (Walliman, 2006). The findings of this research were based on interpretation of the
evidence from the research participants, as such, the findings of the study should be seen in that

context.

Fourth, although not all the IT staff in the case organisations took part in this research, however,
key decision makers from the implementation teams in the case organisations took part in the
study; it is possible that IT employees that were not part of the study may have different views or

opinions regarding the data model that was adopted for their data warehouse.

Fifth, the research propositions were the key factors considered to impact and influenced the
choice of logical data model for a data warehouse. It is possible that this study have not
accounted for all the factors that influenced the decision to adopt a logical data model in data

warehousing; therefore, this provides an opportunity for further research.
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7.4 Areas of Future Research

Adopting an appropriate logical data model for a data warehouse is an important decision in data
warehousing, this study used the literature to distill the factors considered to be influencing the
choice of logical data model for a data warehouse, however, the findings in this study indicated
that while there is a significant relationship between a set of research analytic variables and the
choice of a logical model (i.e. multidimensional), the study also indicated that the same variables
has no significant relationship in the decision to adopt a relational data model. First, further
research could be done to explore reason(s) for this outcome. Second, further research could be
done to identify other factors that have not been considered by this research which may also
influence the choice of logical data model in data warehousing. The outcome of such a research

could be used to validate or disprove the findings of this research.

The theoretical framework for this research is decision theory, in particular, the naturalistic
decision theory. In naturalistic decision making, decisions are made based on prior experience
(Klein, 2008; Azuma et al, 2006). Further research could be done to examine whether decision
makers consider alternative choices and engages logic of consequence when faced with decision
situation such as adopting a logical data model for a data warehouse (Simon, 1995, March and
Heath, 1994). Such a study could also be used as the basis to validate the findings of this

research.
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APPENDIX 1 - DESIGN OF RESEARCH INSTRUMENTS

The propositions outlined below are pursued in this research and provided the background for the

design of interview instruments for this research

Abbreviated Research Propositions - Factors affecting the choice of logical
data model for a data warehouse

RP1 High performance of query execution is a factor influencing the
choice of logical data model for a data warehouse

RP2 Focus on specific or generic business requirements is a factor
influencing the choice of logical data model for a data warehouse

RP3 The goal and scope of the data warehouse is a factor influencing
the choice of logical data model for a data warehouse

RP4 Implementation orientation of available resources is a factor
influencing the choice of logical data model for a data warehouse

RP5 Consolidation of enterprise data to meet heterogeneous reporting
and analytics requirements is a factor influencing the choice of
logical data model for a data warehouse

Design of Interview Instruments

The main questions outlined below are engaged to address this research. Each of the research
questions aligns with the research propositions above and provides the background for the design

of the interview instruments for this research.

Main Research Questions for the Research Participants

MRQ1 — What is the impact of high performance of query execution on the choice of logical
data model for a data warehouse?
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MRQ2 - What is the impact of specific business requirement on the choice of a logical data

model?

MRQ3 — What is the impact of goal and scope of a data warehouse on the choice of data

warehouse logical data model?

MRQ4 - What is the impact of implementation orientation of available resources on the choice of

a logical data model?

MRQ5 — What is the impact of consolidating common enterprise data to meet different reporting

and analytics requirements on the choice of logical data model for a data warehouse?

The main research questions outlined above align with the research propositions and thus
provide a way of testing the research propositions. Also, the questions outlined below are
grouped to address each of the conversation partners given their knowledge, experience and
stake in their organisation’s data warehouse initiatives. The questions are further re-aligned and

grouped under the relevant research main question.
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APPENDIX 2 - DESIGN OF RESEARCH INSTRUMENT FOR
GWEALTH

Questions for the GWealth Research Participants

GWRQ1 — What are the problems that the business wants solved that prompted the development

of a data warehouse?

GWRQ?2 - How is the need to address the business requirements led to choosing a

multidimensional data model for the reporting data warehouse?

GWRQ3 - What role did the goal of the reporting data warehouse had in choosing the

multidimensional data model for the reporting data warehouse?

GWRQ4 - What role did the scope of the reporting data warehouse had in choosing the

multidimensional data model for the reporting data warehouse?

GWRQ5 - What is the end-user ability to understand the data relationships in client reporting

data warehouse?

GWRQ6 - What role would you say the staff experience played in choosing the

multidimensional data model for the reporting data warehouse?

GWRQ7 —Would you agree or disagree that your staff experience influenced the choice of the

data model for your data warehouse?
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GWRQS8 - What other data models would you say were considered for the reporting data

warehouse by your development team?

GWRQ9 - In what circumstances would your team consider to use different data models than

one currently used for client reporting data warehouse?

GWRQ10 - What is the role of performance in choosing the multidimensional data model for
client reporting data warehouse?
GWRQ11 - What is the impact of ensuring high performance of query execution on the choice

of the multidimensional data model for the reporting data warehouse?

GWRQ12 — What are the non-functional factors that influenced the decision to adopt the

multidimensional data model for the reporting data warehouse?

GWRQ13 - How would you describe the users response of executing queries against the

reporting data warehouse?

GWRQ14 - In your opinion, what has been the users’ experience in analyzing and querying the

reporting data warehouse?

GWRQ15 - How diverse is the user base of your data warehouse?

GWRQL16 - How often are different areas of the business on-boarded into the reporting data

warehouse?

GWRQ17 - How many areas of the business have been on-boarded onto the reporting data

warehouse?
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GWRQ18 - How would you describe the data coverage of the reporting data warehouse?

GWRQ19 - How would you describe the level of complexity of business data in the reporting

data warehouse?

GWRQ20 - What level of assistance does the architecture team have to offer the business users

when looking for information in the client reporting data warehouse?

GWRQ21 — What is your opinion of whether the business users have indicated they found it

difficult to navigate the reporting data warehouse?

GWRQ?22 - How much weight do you think was given to distributing data to different areas of

the business by client reporting data warehouse?

GWRQ?23 - How would you characterise the advantages of reporting warehouse data model?
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Alignment of the GWealth Research Questions with the Main Research Questions

MRQ1 - What is the impact of high performance of query execution on the choice of
logical data model for a data warehouse?

ID Question

GWRQ10 | What is the role of performance in choosing the multidimensional data
model for client reporting data warehouse?

GWRQ11 | What is the impact of ensuring high performance of query execution on
the choice of the multidimensional data model for the reporting data
warehouse?

GWRQ12 | What are the non-functional factors that influenced the decision to adopt
the multidimensional data model for the reporting data warehouse?

GWRQ13 | How would you describe the users response of executing queries against
the reporting data warehouse?

GWRQ14 | In your opinion, what has been the users’ experience in analyzing and
querying the reporting data warehouse?

GWRQ23 | How would you characterise the advantages of reporting warehouse data
model?

MRQ2 - What is the impact of specific business requirement on the choice of a logical data
model?

ID Question

GWRQ1 | What are the problems that the business wants solved that prompted the
development of a data warehouse?

GWRQ2 | How is the need to address the business requirements led to choosing a
multidimensional data model for the reporting data warehouse?
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MRQ3 — What is the impact of goal and scope of a data warehouse on the choice of data

warehouse logical data model?

ID Question

GWRQ3 | What role did the goal of the reporting data warehouse had in choosing
the multidimensional data model for the reporting data warehouse?

GWRQ4 | What role did the scope of the reporting data warehouse had in choosing
the multidimensional data model for the reporting data warehouse?

GWRQ5 | What is the end-user ability to understand the data relationships in client

reporting data warehouse?

MRQ4 - What is the impact of implementation orientation of available resources on the

choice of a logical data model?

ID Question

GWRQ6 | What role would you say the staff experience played in choosing the
multidimensional data model for the reporting data warehouse?

GWRQ7 | Would you agree or disagree that your staff experience influenced the
choice of the data model for your data warehouse?

GWRQ8 | What other data models would you say were considered for the reporting
data warehouse by your development team?

GWRQ9 | In what circumstances would your team consider to use different data

models than one currently used for client reporting data warehouse?
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MRQ5 — What is the impact of consolidating common enterprise data to meet different
reporting and analytics requirements on the choice of logical data model for a data

warehouse?

ID

Question

GWRQ15

How diverse is the user base of your data warehouse?

GWRQ16

How often are different areas of the business on-boarded into the
reporting data warehouse?

GWRQ17

How many areas of the business have been on-boarded onto the reporting
data warehouse?

GWRQ18

How would you describe the data coverage of the reporting data
warehouse?

GWRQ19

How would you describe the level of complexity of business data in the
reporting data warehouse?

GWRQ20

What level of assistance does the architecture team have to offer the
business users when looking for information in the client reporting data
warehouse?

GWRQ21

What is your opinion of whether the business users have indicated they
found it difficult to navigate the reporting data warehouse?

GWRQ22

How much weight do you think was given to distributing data to different
areas of the business by client reporting data warehouse?
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APPENDIX 2 - DESIGN OF RESEARCH INSTRUMENT FOR
ICAPITAL

Questions for the ICapital Research Participants
ICRQ1 — What are the problems that the business wants solved that prompted the development
of a data warehouse?

ICRQ?2 - How is the need to address the business requirements led to choosing a relational data

model for Risk and Finance data warehouse?

ICRQ3 - What role did the goal of Risk and Finance data warehouse had in choosing a relational

data model for Risk and Finance data warehouse?

ICRQ4 - What role did the scope of Risk and Finance data warehouse had in choosing a

relational data model for Risk and Finance data warehouse?

ICRQ5 - What is the end-user ability to understand the data relationships in Risk and Finance

data warehouse?

ICRQ6 - What role would you say the staff experience played in choosing a relational data

model for Risk and Finance data warehouse?

ICRQ7 — Would you agree or disagree that your staff experience influenced the choice of the

data model for your data warehouse?

ICRQS8 - What other data models would you say were considered for Risk and Finance data

warehouse by your development team?
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ICRQ9 — In what circumstances would your team consider to use different data models than one

currently used for Risk and Finance data warehouse?

ICRQ10 - What is the role of performance in choosing a relational data model for Risk and
Finance data warehouse?
ICRQ11 - What is the impact of ensuring high performance of query execution on the choice of

relational data model for Risk and Finance data warehouse?

ICRQ12 — What are the non-functional factors that influenced the decision to adopt relational

data model for Risk and Finance data warehouse?

ICRQ13 — How would you describe the users response of executing queries against Risk and

Finance data warehouse?

ICRQ14 - In your opinion, what has been the users’ experience in analyzing and querying Risk

and Finance data warehouse?

ICRQ15 - How diverse is the user base of your data warehouse?

ICRQ16 - How often are different areas of the business on-boarded into Risk and Finance data

warehouse?

ICRQL17 - How many areas of the business have been on-boarded onto Risk and Finance data

warehouse?

ICRQ18 - How would you describe the data coverage of Risk and Finance data warehouse?
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ICRQ19 - How would you describe the level of complexity of business data in Risk and Finance

data warehouse?

ICRQ20 - What level of assistance does the architecture team have to offer the business users

when looking for information in Risk and Finance data warehouse?

ICRQ21 — What is your opinion of whether the business users have indicated they found it

difficult to navigate Risk and Finance data warehouse?

ICRQ22 - How much weight do you think was given to distributing data to different areas of the

business by Risk and Finance data warehouse?

ICRQ23 - How would you characterise the advantages of Risk and Finance warehouse data

model?
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Alignment of the ICapital Research Questions with the Main Research Questions

MRQ1 - What is the impact of high performance of query execution on the choice of

logical data model for a data warehouse?

ID Question

ICRQ10 | What is the role of performance in choosing a relational data model for
Risk and Finance data warehouse?

ICRQ11 | What is the impact of ensuring high performance of query execution on
the choice of relational data model for Risk and Finance data warehouse?

ICRQ12 | What are the non-functional factors that influenced the decision to adopt
relational data model for Risk and Finance data warehouse?

ICRQ13 | How would you describe the users response of executing queries against
Risk and Finance data warehouse?

ICRQ14 | In your opinion, what has been the users’ experience in analyzing and
querying Risk and Finance data warehouse?

ICRQ23 | How would you characterise the advantages of Risk and Finance

warehouse data model?

MRQ2 - What is the impact of specific business requirement on the choice of a logical data

model?

ID Question

ICRQ1 What are the problems that the business wants solved that prompted the
development of a data warehouse?

ICRQ2 How is the need to address the business requirements led to choosing a

relational data model for Risk and Finance data warehouse?

Kazeem Oladele

266



MRQ3 — What is the impact of goal and scope of a data warehouse on the choice of data

warehouse logical data model?

ID Question

GWRQ3 | What role did the goal of Risk and Finance data warehouse had in
choosing a relational data model for Risk and Finance data warehouse?

GWRQ4 | What role did the scope of Risk and Finance data warehouse had in
choosing a relational data model for Risk and Finance data warehouse?

GWRQ5 | What is the end-user ability to understand the data relationships in Risk

and Finance data warehouse?

MRQ4 - What is the impact of implementation orientation of available resources on the

choice of a logical data model?

ID Question

ICRQ6 What role would you say the staff experience played in choosing a
relational data model for Risk and Finance data warehouse?

ICRQ7 Would you agree or disagree that your staff experience influenced the
choice of the data model for your data warehouse?

ICRQ8 What other data models would you say were considered for Risk and
Finance data warehouse by your development team?

ICRQ9 In what circumstances would your team consider to use different data

models than one currently used for Risk and Finance data warehouse?
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MRQ5 — What is the impact of consolidating common enterprise data to meet different
reporting and analytics requirements on the choice of logical data model for a data

warehouse?

ID Question

ICRQ15 | How diverse is the user base of your data warehouse?

ICRQ16 | How often are different areas of the business on-boarded into Risk and
Finance data warehouse?

ICRQ17 | How many areas of the business have been on-boarded onto Risk and
Finance data warehouse?

ICRQ18 | How would you describe the data coverage of Risk and Finance data
warehouse?

ICRQ19 | How would you describe the level of complexity of business data in Risk
and Finance data warehouse?

ICRQ20 | What level of assistance does the architecture team have to offer the
business users when looking for information in Risk and Finance data
warehouse?

ICRQ21 | What is your opinion of whether the business users have indicated they
found it difficult to navigate Risk and Finance data warehouse?

ICRQ22 | How much weight do you think was given to distributing data to different
areas of the business by Risk and Finance data warehouse?
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APPENDIX 3 - GWEALTH OPEN CODES

Transcription of Empirical Data from Research Participant

TRANSCRIBED EMPIRICAL DATA

KO

What is the impact of ensuring high performance af guery execution on the choice of the
multidimensional data model for the reporting data warehouse?

SMMMBW

I think it is extremelv important, [ think vou need to kind of consider what tvpe of queries the
user would want to run before vou choose a particular model and, here our data warehouse
wasn't that big to be honest. At - wehave millions of transactions coming through every
single day and again we found performance wise a dimensional model served the purpose of our
needs so we built _ on top of that in - and again the same we had it here;
it seems to work a lot better. That said, the performance is also impacted by the database that vou
choose to use so, [ think the moment that vou choose and the hardware that vou choosing to
implement that model on, verv very tightlv coupled so we did have problems: I'm not sure if vou
are aware of the whole - side of things and so vou could choose the best model in the
world and vou could design it to perfection, but if vour hardware is not there to support that
model, vou're still going to have those problems. If vour hardware is not up to the scratch, vou
will struggle and extending that; how vou choose to load it would be another thing. Here we use
and it’s a very high performance tool, ETL tool, I did have previous experience in
previously and this would not want to say anything about _ as such, but at
we moved from to - 50 to give vou a real life kind of example, it was
taking 22hrs with toload all the data that we need into [l warchouse and we
have 24 hours in a day, so anv problem that came up, vou got just Zhrs to deal with it and
obviously that was extremely difficult to maintain. We moved it to - and we got it down
to 4 to 6 hrs, So it was quite a significant saving — we found the version we were on in
. the version of that they gave us at the time comparable with what .
could do for us was massively different. So all those things, I just want to retreat the point,
it is verv important to choose the right model, but then if vou don’t have the tool to stand behind
that model, it’s kind of worthless; vou lost all of the benefit that vou might got with it.
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Line-By-Line Coding of Transcribed Empirical Data

EMPIRICAL DATA: LINE-BY-LINE CODING

- | Apply Code to Text: Descriptive M
Performance is the main reason why | chose dimensional structure

performance to actually to bring back data. | always find that works a lot better wh | always find that works a lot better for high performance

got more complex gueries to get across to more tables and | find it that sometime: when you get complex query to get across

you are inputting things in a very, very fast structure when that table gets too big i Works better if you are imputing things into fast structure

coming through every single day and again we found performance wisea dimensic Millions of transactions comes in daily

model served the purpose of our needs so we built ... on top of thatin ... Dimensional model served our needs performance wise

and again the same we had it here; it seems to work a lot better. That said, the Dimensional model seem to work better for performance

performance is also impacted by the database that you choose to use so, 1 think th Performance is impacted by the database that you choose

moment that you choose and the hardware that you choosing to implement that n Performance is impacted by the data model that you choose

very, very tightly coupled so we did have problems; I'm not sure if you are aware ¢ Performance is impacted by the hardware you choose for your data m

whole ... side of things and so you could choose the best model in the world and y You could choose the best model in the world

could design it to perfection, but if your hardware is not there to support that moc Your hardware must be able to support your data model

you're still going to have those problems. If your hardware is not up to the scratch You will have problems if hardware cannot support your data model

will struggle and extending that; how you choose to load it would be another thin|It's another thing how you choose to load your data

we use ... and it's a very high performance tool, ETL tool, | did have previous Used high performance ETL tool

experience in ... previously and this would not want to say anything about Would not say anything about previous ETL tool

... as such, but at ... we moved from ... to ... so to give Moved from one ETL to another

you a real life kind of example, it was taking 22hrs with ... to load all the data Taking 22hrs to load data into a data warehouse

that we need into ... warehouse and we have 24 hours in a day, so any problem th: Data loading taking almost all the time in a day

Transcribed Data

The main reason why | chose dimensional structure for a warehouse would be

came up, you got just 2hrs to deal with it and obviously that was extremely difficu only 2 hrs to deal with problems
maintain. We moved it to ... and we got it down to 4 to 6 hrs, So it was quite a
the performance of the micros that we needed for client reporting, Help with performance of micros for client reporting

It has a massive role, you have to define what data people are looking for, what al Performance is one of the greatest consideration to take into account
different sources are, what their end goal is, what are you trying to achieve with tt Performance is very important when choosing your data architecture

business you have to get that very, very clear, is it to provide them with a warehot I've not worked in a place where users don't care about performance

Got data loading dow to 6 hrs by moving into another tool

Transforming Descriptive Codes to Analytic Codes

TRANSFORMING DESCRIPTIVE CODES TO ANALYTIC CODES

[Apply Code to Text: Descriptive

Works better if you are imputing things into fast structure
Millions of transactions comes in daily

Dimensional model served our needs performance wise
Dimensional model seem to work better for performance

~ | Descriptive Code -» Analytic Code
Multidimensional model works better for fast structures Multidimensional model works better for high performance
Client Reporting processes large amount of transactions daily Multidimensional model works better for high performance
Multidimensional model addressed business performance requirem Multidimensional model works better for high performance
Multidimensional model works better for high performance

~ | Compare Codes for Saturation

Multidimensional model works better for high performance

Performance is impacted by the database that you choose
Performance is impacted by the data model that you choose

You could choose the best model in the world

Your hardware must be able to support your data model

You will have problems if hardware cannot support your data model
It's another thing how you choose to load your data

Used high performance ETL tool

Would not say anything about previous ETL tool

Moved from one ETL to another

Taking 22hrs to load data into a data warehouse

Data loading taking almost all the time in a day

only 2 hrs to deal with problems

Got data loading dow to 6 hrs by moving into another tool

Help with performance of micros for client reporting

Performance is one of the greatest consideration to take into account
Performance is very important when choosing your data architecture
I've not worked in a place where users don't care about performance
The answer is as fast as possible

Performance is impacted by the hardware you choose for your data model

Performance is impacted by software and hardware
Performance is impacted by choice of data model
Performance is impacted by software and hardware
Performance is impacted by software and hardware
Performance is impacted by software and hardware
Performance is impacted by software and hardware
Performance is impacted by software and hardware
Performance is impacted by software and hardware
There is nothing to say about previous ETL software
Replaced previous ETL tool with another tool

It took nearly a day to load data into client reporting
It took nearly a day to load data into client reporting
There is not enough time to address data loading issues
Replaced previous ETL tool with another

Gained improved performance for client reporting
Performance is an important consideration
Performance is an important consideration
Performance is an important consideration
Performance is an important consideration

Performance is impacted by software and hardware
Performance is impacted by choice of data model
Performance is impacted by software and hardware
Performance is impacted by software and hardware
Performance is impacted by software and hardware
Performance is impacted by software and hardware
Performance is impacted by software and hardware
Performance is impacted by software and hardware
Performance is impacted by software and hardware
Performance is impacted by software and hardware
Performance is impacted by software and hardware
Performance is impacted by software and hardware
Performance is impacted by software and hardware
Performance is impacted by software and hardware
Gained improved performance for client reporting
Multidimensional model works better for performance
Multidimensional model works better for performance
Multidimensional model works better for performance
Multidimensional model works better for performance
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Identification of Sub-Cateqgory Code from Analytic Codes

ID

NTIFICATION OF SUB-CATEGORY CODES

Descriptive Code -> Analytic Code ~ | Compare Codes for Saturation - |Sub Category Code =
Chose multidimensional model for high performance Multidimensional model works better for high performance  High Query Performance
Multidimensional model works better for high performance  Multidimensional model works better for high performance  High Query Performance
Multidimensional model works better for high performance  High Query Performance
Multidimensional model works better for high performance  High Query Performance

Multidimensional model works for complex queries
Multidimensional model works better for fast structures

Client Reporting processes large amount of transactions daily Multidimensional model works better for high performance

Multidimensional model addressed business performance reqi Multidimensional model works better for high performance

Multidimensional model works better for high performance

Performance is impacted by software and hardware
Performance is impacted by choice of data model
Performance is impacted by software and hardware
Performance is impacted by software and hardware
Performance is impacted by software and hardware
Performance is impacted by software and hardware
Performance is impacted by software and hardware
Performance is impacted by software and hardware
There is nothing to say about previous ETL software
Replaced previous ETL tool with another tool

It took nearly a day to load data into client reporting
It took nearly a day to load data into client reporting

There is not enough time to address data loading issues

Replaced previous ETL tool with another
Gained improved performance for client reporting
Performance is an important consideration

Multidimensional model works better for high performance
Performance is impacted by software and hardware
Performance is impacted by choice of data model
Performance is impacted by software and hardware
Performance is impacted by software and hardware
Performance is impacted by software and hardware
Performance is impacted by software and hardware
Performance is impacted by software and hardware
Performance is impacted by software and hardware
Performance is impacted by software and hardware
Performance is impacted by software and hardware
mpacted by software and hardware
Performance is impacted by software and hardware
Performance is impacted by software and hardware
Performance is impacted by software and hardware
Gained improved performance for client reporting
Multidimensional model works better for performance

High Query Performance
High Query Performance
High Query Performance
High Query Performance
High Query Performance
High Query Performance
High Query Performance
High Query Performance
High Query Performance
High Query Performance
High Query Performance
High Query Performance
High Query Performance
High Query Performance
High Query Performance
High Query Performance
High Query Performance
High Query Performance
High Query Performance
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Identification of Main Category Code from Sub-Category Code

MAIN CATEGORY CODES FOR SUB-CATEGORY CODES

Sub Category Code

~ | Main Category Code

-1

High Query Performance
High Query Performance
High Query Performance
High Query Performance
High Query Performance
High Query Performance
High Query Performance
High Query Performance
High Query Performance
High Query Performance
High Query Performance
High Query Performance
High Query Performance
High Query Performance
High Query Performance
High Query Performance
High Query Performance
High Query Performance
High Query Performance
High Query Performance
High Query Performance
High Query Performance
High Query Performance

High Performance of Query Execution
High Performance of Query Execution
High Performance of Query Execution
High Performance of Query Execution
High Performance of Query Execution
High Performance of Query Execution
High Performance of Query Execution
High Performance of Query Execution
High Performance of Query Execution
High Performance of Query Execution
High Performance of Query Execution
High Performance of Query Execution
High Performance of Query Execution
High Performance of Query Execution
High Performance of Query Execution
High Performance of Query Execution
High Performance of Query Execution
High Performance of Query Execution
High Performance of Query Execution
High Performance of Query Execution
High Performance of Query Execution
High Performance of Query Execution
High Performance of Query Execution
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Property of Main Cateqory Code

MAIN CATEGORY CODE: PROPERTY

Main Category Code -1 Property of Main Category Code

High Performance of Query Execution
High Performance of Query Execution
High Performance of Query Execution
High Performance of Query Execution
High Performance of Query Execution
High Performance of Query Execution
High Performance of Query Execution
High Performance of Query Execution
High Performance of Query Execution
High Performance of Query Execution
High Performance of Query Execution
High Performance of Query Execution
High Performance of Query Execution
High Performance of Query Execution
High Performance of Query Execution
High Performance of Query Execution
High Performance of Query Execution
High Performance of Query Execution
High Performance of Query Execution
High Performance of Query Execution
High Performance of Query Execution
High Performance of Query Execution
High Performance of Query Execution

High Query Performance
High Query Performance
High Query Performance
High Query Performance
High Query Performance
High Query Performance
High Query Performance
High Query Performance
High Query Performance
High Query Performance
High Query Performance
High Query Performance
High Query Performance
High Query Performance
High Query Performance
High Query Performance
High Query Performance
High Query Performance
High Query Performance
High Query Performance
High Query Performance
High Query Performance
High Query Performance
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Frequency Count of Analytic Codes

FREQUENCY OCCURRENCE OF ANALYTIC CODE

Analytic Code Frequency Occurrence
High Query Performance
High Query Performance
High Query Performance
High Query Performance
High Query Performance
High Query Performance
High Query Performance
High Query Performance
High Query Performance
High Query Performance
High Query Performance
High Query Performance
High Query Performance
High Query Performance
High Query Performance
High Query Performance
High Query Performance
High Query Performance
High Query Performance
High Query Performance
High Query Performance
High Query Performance

High Query Performance 1
High Query Performance 1
High Query Performance 1
Total 72
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APPENDIX 4 — ICAPITAL OPEN CODES

Transcription of Empirical Data from Research Participant

TRANSCRIBED EMPIRICAL DATA

KO

What is the end-user ability to understand the data relationships in Risk and Finance Data
Warehouse?

MRRMBC

Not exactly, the approach to the model, for me, the business have looked at the model,

but we show that model to the business it was at extremely high level, we showed the client,
trade, party, we showed issuer, things the business is interested in we didn’t tryv to definein a
manner that vou would think about in physical or logical model. We want our model to be about
how fast are we able to enter and read information — as simple as that. Phvsical implementation
is all about the access; correct? It wasn’t about whether vou can understand what vou going to
use, it wasn’t about anv of that stuff. It’s all about fast inserts and spontaneous inserts and reads.
50 we have a high level model which is very high level to the major pieces of information and
within each of that high level, vou are able to drill into the next detail level of that model —
correct? And I think we want to the personal level thatis the high level to the second level that is
alreadw at the detailed level and we kind of arrive at ER. model to allow us to keep information
which primarily finance is interested in, risk is interested in. We made the attributes that are
associated with that, for example, balance and all of the pieces that hang off of it for example the
instrument, counterpartv of the balance etc_; so we look at it from the business domain and we
said finance is interested in balance, risk is interested in sensitivities and all the other pieces of
information related to sensitivities — correct? So, the only place that we sort of really weren't
closing the dealis on the finest grain of the model is for FLEX- that’s a good model.

Andin the case of marts for FLEX, wereally sat down with the end users in understanding
exactly the product information that they are after for reporting and we created that model which
is pure mart model, dimensional model; they get three level of dimensions of balances, at trade
level, at the partv level and at the group level, right? So we have 3 levels and all the facts and
dimensions around it; there are some agreed matrixes; there is a matrix saying we can agree
82000 rows everv second, we can write 32000 rows every second so we build our model so that
we can achieve that.
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Line-By-Line Coding of Transcribed Empirical Data

EMPIRICAL DATA: LINE-BY-LINE CODING

Transcribed Data

~ | Apply Code to Text: Descriptive Code

but we show that model to the business it was at extremely high level, we showed the client,
trade, party, we showed issuer, things the business is interested in we didn’t try to define ina
manner that you would think about in physical or logical model. We want our model to be about
Sowe have a high level model which is very high level to the major pieces of information and
within each of that high level, you are able to drill into the next detail level of that model —
correct? And | think we want to the personal level that is the high level to the second level that is
already at the detailed level and we kind of arrive at ER model to allow us to keep information
which primarily finance is interested in, risk is interested in. We made the attributes that are
associated with that, for example, balance and all of the pieces that hang off of it for example the
instrument, counterparty of the balance etc.; so we look at it from the business domain and we
said finance is interested in balance, risk is interested in sensitivities and all the other pieces of
information related to sensitivities —correct? So, the only place that we sort of really weren't
closing the deal is on the finest grain of the model is for FLEX- that's a good model.

And in the case of marts for FLEX, we really sat down with the end users in understanding

exactly the product information that they are after for reporting and we created that model which
is pure mart model, dimensional model; they get three level of dimensions of balances, at trade

The business looked at the model at high level

We showed the business what they are interested in

Model not defined to business in typical logical or physical manner
Major pieces of information is model at high level

The data model allows you to drill to next level of detail

The model has personal and second level of information

Arrived at ER to address requirements

The model contains information that finance and risk are interested in
The data model contains balance information

The data model also contains instrument, counterparties and balances
Finance is interested in balances and risk is interested in sensitivities
Sensitivities and other related information is fact

Addressing the grain of FLEX reporting, it's a good model

Sat down with business users to understand their requirements

Sat down with business users to understand their requirements
Created model that addressed information required by business

level, at the party level and at the group level, right? So we have 3 levels and all the facts and
dimensions around it; there are some agreed matrixes; there is a matrix saying we can agree
82000 rows every second, we can write 32000 rows every second so we build our model so that

we can achieve that.

Yeah, | would say absolutely true, correct? So you have to create data architecture, all the access
on the system right? You have to understand all the loading and the reading access of
comparable systems if you don't articulate that, you end up with a system that is un-useable,

that cannot grow overtime, yes | agree with that statement

that very well. So 1 would say in the case of RFDW, we set out the left side and the right side as
you might have known; the left side is the information address driving just-in-time information,

Created model that addressed information required by business
Created model that addressed information required by business
Created model that addressed information required by business

Created model that addressed information required by business

Model created to address business requirements
You need to understand all your requirements
You need to understand your requirements to build useable system

You need to understand all your requirements

Data model contain right side and left side information
Left side contains just-in-time information

Transforming Descriptive Codes to Analytic Codes

TRANSFORMING DESCRIPTIVE CODES TO ANALYTIC CODES

Apply Code to Text: Descriptive Code

~ | Descriptive Code -> Analytic Code

~ | Compare Codes for Saturation

The business looked at the model at high level

We showed the business what they are interested in

Model not defined to business in typical logical or physical manner
Major pieces of information is model at high level

The data model allows you to drill to next level of detail

The model has personal and second level of information

Arrived at ER to address requirements

The model contains information that finance and risk are interested in
The data model contains balance information

The data model also contains instrument, counterparties and balances
Finance is interested in balances and risk is interested in sensitivities
Sensitivities and other related information is fact

Addressing the grain of FLEX reporting, it's a good model

Sat down with business users to understand their requirements
Sat down with business users to understand their requirements
Created model that addressed information required by business
Created model that addressed information required by business
Created model that addressed information required by business
Created model that addressed information required by business
Created model that addressed information required by business
Model created to address business requirements

You need to understand all your requirements

You need to understand your requirements to build useable system
You need to understand all your requirements

Data model contain right side and left side information

Left side contains just-in-time information

Model reviewed with business at high level
Model addressed generic business requirements
Model reviewed with business at high level
Model addressed generic business requirements
Model enables drill down of information

Madel enables drill down of information

Model addressed generic business requirements
Model addressed generic business requirements
Model addressed generic business requirements
Model addressed generic business requirements
Model addressed generic business requirements
Model addressed generic business requirements
Model addressed generic business requirements

Created multidimensional to focus on reporting require Multidimensional model enables you to focus on sp
Created multidimensional to focus on reporting require Multidimensional model enables you to focus on sp
Created multidimensional to focus on reporting require Multidimensional model enables you to focus on sp
Created multidimensional to focus on reporting require Multidimensional model enables you to focus on sp
Created multidimensional to focus on reporting require Multidimensional model enables you to focus on sp
Created multidimensional to focus on reporting require Multidimensional model enables you to focus on sp
Created multidimensional to focus on reporting require Multidimensional model enables you to focus on sp

Model addressed generic business requirements
Business requirements must be understood
Business requirements must be understood
Business requirements must be understood
Data model contains generic information

Data model contains generic information

Model addressed generic business requirements
Model addressed generic business requirements
Model addressed generic business requirements
Model addressed generic business requirements
Model addressed generic business requirements
Model addressed generic business requirements
Model addressed generic business requirements
Model addressed generic business requirements
Model addressed generic business requirements
Model addressed generic business requirements
Model addressed generic business requirements
Model addressed generic business requirements
Model addressed generic business requirements

Model addressed generic business requirements
Model addressed generic business requirements
Model addressed generic business requirements
Model addressed generic business requirements
Model addressed generic business requirements
Model addressed generic business requirements
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Identification of Sub-Cateqgory Code from Analytic Codes

IDENTIFICATION OF SUB-CATEGORY CODES

Descriptive Code -> Analytic Code

- | Compare Codes for Saturation

v | Sub Category Code

-

Model reviewed with business at high level
Model addressed generic business requirements
Model reviewed with business at high level
Model addressed generic business requirements
Model enables drill down of information

Model enables drill down of information

Model addressed generic business requirements
Model addressed generic business requirements
Model addressed generic business requirements
Model addressed generic business requirements
Model addressed generic business requirements
Model addressed generic business requirements
Model addressed generic business requirements

Model addressed generic business requirements
Business requirements must be understood
Business requirements must be understood
Business requirements must be understood
Data model contains generic information

Data model contains generic information

Model addressed generic business requirements
Model addressed generic business requirements
Model addressed generic business requirements
Model addressed generic business requirements
Model addressed generic business requirements
Model addressed generic business requirements
Model addressed generic business requirements
Model addressed generic business requirements
Model addressed generic business requirements
Model addressed generic business requirements
Model addressed generic business requirements
Model addressed generic business requirements
Model addressed generic business requirements

Model addressed generic business requirements
Model addressed generic business requirements
Model addressed generic business requirements
Model addressed generic business requirements
Model addressed generic business requirements
Model addressed generic business requirements

Generic Requirements
Generic Requirements
Generic Requirements
Generic Requirements
Generic Requirements
Generic Requirements
Generic Requirements
Generic Requirements
Generic Requirements
Generic Requirements
Generic Requirements
Generic Requirements
Generic Requirements

Created multidimensional to focus on reporting require Multidimensional model enables you to focus on sp Specific Requirement
Created multidimensional to focus on reporting require Multidimensional model enables you to focus on sp Specific Requirement
Created multidimensional to focus on reporting require Multidimensional model enables you to focus on sp Specific Requirement
Created multidimensional to focus on reporting require Multidimensional model enables you to focus on sp Specific Requirement
Created multidimensional to focus on reporting require Multidimensional model enables you to focus on sp Specific Requirement
Created multidimensional to focus on reporting require Multidimensional model enables you to focus on sp Specific Requirement
Created multidimensional to focus on reporting require Multidimensional model enables you to focus on sp Specific Requirement

Generic Requirements
Generic Requirements
Generic Requirements
Generic Requirements
Generic Requirements
Generic Requirements
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Identification of Main Category Code from Sub-Category Code

MAIN CATEGORY CODES FOR SUB-CATEGORY CODES

Sub Category Code

- | Main Category Code

T

Generic Reguirements
Generic Requirements
Generic Reguirements
Generic Requirements
Generic Requirements
Generic Requirements
Generic Requirements
Generic Reguirements
Generic Requirements
Generic Reguirements
Generic Requirements
Generic Requirements
Generic Requirements
Specific Requirement
Specific Requirement
Specific Requirement
Specific Requirement
Specific Requirement
Specific Requirement
Specific Requirement
Generic Requirements
Generic Requirements
Generic Requirements
Generic Requirements
Generic Requirements
Generic Reguirements

Business Reguirement
Business Requirement
Business Reguirement
Business Reguirement
Business Requirement
Business Requirement
Business Reguirement
Business Reguirement
Business Requirement
Business Reguirement
Business Reguirement
Business Requirement
Business Requirement
Business Reguirement
Business Reguirement
Business Requirement
Business Requirement
Business Reguirement
Business Reguirement
Business Requirement
Business Reguirement
Business Reguirement
Business Requirement
Business Requirement
Business Reguirement
Business Reguirement
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Properties of Main Category Code

MAIN CATEGORY CODE: PROPERTIES

Main Category Code -T | Property of Main Category Code

Business Requirement
Business Requirement
Business Requirement
Business Requirement
Business Requirement
Business Requirement
Business Requirement
Business Requirement
Business Requirement
Business Requirement
Business Requirement
Business Requirement
Business Requirement
Business Requirement
Business Requirement
Business Requirement
Business Requirement
Business Requirement
Business Requirement
Business Requirement
Business Requirement
Business Requirement
Business Requirement
Business Requirement
Business Requirement
Business Requirement

Generic Requirements
Generic Requirements
Generic Requirements
Generic Requirements
Generic Requirements
Generic Requirements
Generic Requirements
Generic Requirements
Generic Requirements
Generic Requirements
Generic Requirements
Generic Requirements
Generic Requirements
Specific Requirement
Specific Requirement
Specific Requirement
Specific Requirement
Specific Requirement
Specific Requirement
Specific Requirement
Generic Requirements
Generic Requirements
Generic Requirements
Generic Requirements
Generic Requirements
Generic Requirements
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Frequency Count of Analytic Codes

FREQUENCY OCCURRENCE OF ANALYTIC CODE

Analytic Code

Generic Requirements
Generic Requirements
Generic Requirements
Generic Requirements
Generic Requirements
Generic Requirements
Generic Requirements
Generic Requirements
Generic Requirements
Generic Requirements
Generic Requirements
Generic Requirements
Generic Reguirements
Generic Reguirements
Generic Reguirements
Generic Requirements
Generic Reguirements
Generic Requirements
Generic Requirements

Generic Requirements
Generic Requirements

Frequency Occurrence

e e N e e e e N N e e R e N T

Total

381
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APPENDIX 5 —TEST OF SIGNIFICANT RELATIONSHIP

Contingency Table of Logical Data Models and Observed Frequency of Analytic Codes

OUTCOME
Logical Data Model (LDM) ACV1 ACV?2 ACV3 ACV4 ACV5 Total
Multidimensional Data Model 72 84 65 81 22 324
(MDM)
Relational Data Model (RDM) | 87 381 197 166 436 1267
Total 159 465 262 247 458 1591
Observed and Expected Frequency of Analytic Codes and Logical Data Models
OUTCOME (Observed & Expected)
Logical Data Model (LDM) | ACV1 ACV?2 ACV3 ACV4 ACV5 Total
Multidimensional Data Model | 72 84 65 81 22 324
(MDM) (32.38) (94.70) (53.36) (50.30) (93.27)
Relational Data Model (RDM) | 87 381 197 166 436 1267
(126.62) (370.30) (208.64) | (196.70) | (364.73)
Total 159 465 262 247 458 1591

0 — E)2
x2=2%=157.5

Where:

O = Observed code frequency

E= Expected code frequency

157.5 = Chi Square value for ACV1 — ACV5
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(22 — 93.27)2

(72-3238)2 (84— 9470)2  (65-5336)2 (81—5030)2
Z 32.38 94.70 53.36 50.30

93.27

(87 —126.62)2 (381 —370.30)2 (197 —208.64)2 (166 — 196.70)2

126.62 370.30 208.64

(436 — 364.73)2
364.73

=48.488 + 1.21 + 2.54 + 18.74 + 54.46 + 12.40 + 0.31 + 0.65 + 4.79 + 13.92 =157.5

Chi Square Distribution Table

| Chi Square Distribution Table I
[DF][0.995][ 0.99 ][0.975 ] 0.95 ][ 0.90 |[ 0.10 |[ 0.05 | 0.025 | 0.01 |[ 0.005 |
[1]~ ]~ Jo.001 Jjo.004 Jjo.016 |[2.706 ][3.841 |[5.024 |6.635 |[7.879 |
[ 2 ]/0.010 J[0.020 [0.051 ][0.103 ]0.211 |[4.605 |[5.991 |[7.378 [[9.210 |[10.597 |
[ 3][0.072 ][0.115 |[0.216 |[0.352 Jj0.584 |[6.251 ][7.815 |[9.348 |[11.345 ][12.838 |
[ 4 ]/0.207 j0.297 J[0.484 ][0.711 ][1.064 |[7.779 |j0.488 |[11.143 |[13.277 |[14.860 |
[ 5 ][0.412 ][0.554 ][0.831 |[1.145 ][1.610 ][9.236 ][11.070 |[12.833 |[15.086 |[16.750 |
[ 6 ][0.676 ][0.872 |[1.237 |[1.635 [2.204 [10.645 ][12.592 |[14.449 |[16.812 |[18.548 |
[ 7 ]/0.989 ][1.239 |[1.690 |[2.167 ][2.833 ][12.017 |[14.067 |[16.013 |[18.475 |[20.278 |
[ 8[1.344 |[1.646 |[2.180 |[2.733 ][3.490 |[13.362 ][15.507 |[17.535 ][20.090 ][21.955 |
[ 9 ][1.735 ][2.088 |[2.700 |[3.325 ][4.168 ][14.684 |[16.919 [19.023 |[21.666 |[23.589 |
[10][2.156 |[2.558 |[3.247 |[3.940 [4.865 |[15.987 ][18.307 |[20.483 ][23.209 [25.188 |
[11][2.603 |[3.053 |[3.816 |[4.575 |[5.578 |[17.275 |[19.675 [21.920 |[24.725 |[26.757 |
[12][3.074 |[3.571 |[4.404 |[5.226 |[6.304 |[18.549 ][21.026 |[23.337 |[26.217 ][28.300 |
[13][3.565 |[4.107 |[5.009 |[5.892 |[7.042 ][19.812 ][22.362 |[24.736 |[27.688 ][29.819 |
[14][4.075 |[4.660 |[5.629 |[6.571 |[7.790 |[21.064 ][23.685 |[26.119 ][29.141 |[31.319 |
[15][4.601 |[5.229 |[6.262 |[7.261 |[8.547 |[22.307 |[24.996 |[27.488 |[30.578 |[32.801 |
[16][5.142 |[5.812 |[6.908 |[7.962 [9.312 |[23.542 ][26.296 |[28.845 |[32.000 |[34.267 |
[17][5.697 |[6.408 |[7.564 |[8.672 ][10.085][24.769 |[27.587 |[30.191 |[33.409 |[35.718 |
[18][6.265 |[7.015 |[8.231 |[9.390 ][10.865][25.989 ][28.869 |[31.526 |[34.805 |[37.156 |
[19][6.844 |[7.633 |[8.907 |[10.117][11.651][27.204 ][30.144 |[32.852 |[36.191 |38.582 |
[20][7.434 |[8.260 |[9.591 |[10.851][12.443][28.412 |[31.410 |[34.170 |[37.566 |[39.997 |
[21][8.034 |[8.897 |[10.283|[11.591][13.240][29.615 |[32.671 |[35.479 |[38.932 ][41.401 |
[22][8.643 ][0.542 |[10.982|[12.338][14.041][30.813 |[33.924 |[36.781 ][40.289 |[42.796 |
[23][9.260 |[10.196][11.689][13.091][14.848][32.007 |[35.172 |[38.076 |[41.638 |44.181 |
[24][0.886 |[10.856[12.401][13.848][15.659][33.196 |[36.415 |[39.364 |[42.980 |[45.559 |
[ 25][10.520][11.524|[13.120|[14.611][16.473][34.382 |[37.652 |[40.646 |[44.314 ]46.928 |

196.70
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| Chi Square Distribution Table |
[DF][0.995 ][ 0.99 ][0.975 ] 0.95 ][ 0.90 |[ 0.10 |[ 0.05 | 0.025 | 0.01 |[ 0.005 |
[ 26][11.160][12.198][13.844][15.379][17.292][35.563 |[38.885 [[41.923 |[45.642 |[48.290 |
[27][11.808|[12.879|[14.573][16.151][18.114][36.741 ][40.113 |[43.195 |[46.963 ][49.645 |
[ 28][12.461][13.565][15.308][16.928][18.939][37.916 |[41.337 |[44.461 |[48.278 |[50.993 |
[29][23.121][14.256][16.047|[17.708][19.768][39.087 ][42.557 |[45.722 |[49.588 |[52.336 |
[30][23.787|[14.953][16.791[18.493][20.599][40.256 ][43.773 |[46.979 |[50.892 |53.672 |
[40][20.707][22.164|[24.433][26.509][29.051][51.805 |[55.758 |[59.342 |[63.691 |[66.766 |
[50][27.991][29.707|[32.357|[34.764][37.689][63.167 ][67.505 |[71.420 |[76.154 |[79.490 |
[ 60][35.534|[37.485][40.482][43.188][46.459][74.397 ][79.082 |[83.298 |[88.379 ]91.952 |
[70](43.275)[45.442][48.758|[51.739][55.329][85.527 [90.531 |[95.023 |[100.425|[104.215]
[80][51.172|[53.540|[57.153][60.391][64.278][96.578 ][101.879|[106.629][112.329][116.321]
[90][59.196][61.754|[65.647][69.126][73.291][107.565][113.145][118.136][124.116][128.299)

[100][67.328][70.065][74.222][77.929][82.358][118.498][124.342[129.561][135.807][140.169)

Percentage Contribution of the Analytic Code Variables

Percentage (%) Contribution of ACVs’ For MDM & RDM
Logical Data Model (LDM) ACV1 ACV2 ACV3 ACV4 ACV5 %
Total
Multidimensional Data Model | 22.22% 25.93% 20.06% 25% 6.79% 204
(MDM)
Relational Data Model (RDM) | 6.87% 30.07% 15.55% 13.10% 34.41% 79.6%
% Total 9.99% 29.23% 16.47% 15.52% 28.79% 100%
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