DW and DM Assignment 1

by Kyle Hudson

Submission date: 03-Apr-2024 04:22PM (UTC+0100)

Submission ID: 228458893

File name: 49924 Kyle_Hudson_DW_and_DM_Assignment_1_565908_2098604805.docx (803.32K)
Word count: 4637

Character count: 26890



Data Warehousing and Data Mining

Data Warehousing

ACCA6026

Nathan Kyle Hudson
2017102




Table of Contents

INEPOAUCTION. .. . et et e e et e e ee e me e ee e ee e ea s e e e emms s e e e emnan 3
= =1 OSSP ERSEPUSSS 3
Online Transaction Processing (OLTP) database and Data Warehouse differences...... 3
Data Warehouse Architecture and Source System ... 5
Data Mart for Cambrian Real Estate and departments............ccooo oo 7
Online Transaction Processing (OLTP) database and Data Warehouse structures........ 8
A 2 ettt ettt e ettt o et et et e e et e e ae et aeaeeee e nnnnaen 9
Internal and External SOUrce SYSTEMS ... e e e e e e e e eene e 9

Appropriate Star Schema

Appropriate Data Mars.........cccccocvieeeeeen.

ETL Plan for Cambrian Real Estate

Data Quality and Information GOVErnance iSSUES ........cevvueeieieeceieeesieaeeeie e sv e enae s aan 16
=] o] [ToTe =T o] | S P PR PSPPRSPSPRPN 18
Figure 1. Data Warehouse StIUCIUIE .........eee oo e e e e e e 5
o T = = o] - o T PSSP 6
Figure 3. Example of Multi Star SChema ........coio e see e e 9
Figure 4. Suitable Multi Star Schema for Cambrian Real Estate........... .11
Figure 5. Aggregate Data.............. .12
Figure 6. Master Data................... e 12
Figure 7. Meta Data .....ccooi oo e e e e e e e e et e e e e as e e ee e e aneneee e e eas 13
Figure 8. Data Mart SCheMA.... ... e e e e et e e e aas 14

FIGUIE 9. ETL PIAN oo e e es e e enee e 15




Introduction

In this report, | will be addressing the tasks outlined for the company Cambrian Real Estate.
This report will be tailored to their specific needs, drawing upon the provided scenario. | will
ensure proper referencing throughout and incorporate relevant diagrams as necessary for
each section. | will be discussing the elements of data capturing and analysis that the
Cambrian Real Estate will need to create an effective system for success within their
business.

Task 1

Online Transaction Processing (OLTP) database and Data Warehouse
differences

Within an organization's data management infrastructure, data warehouses and online
transaction processing (OLTP) databases have distinct functions. [1]. Here is an example of
contrast between the two:

The purpose of each includes a transactional process, which is the focus of OLTP
databases. They are designed to handle large numbers of quick, short transactions, like
adding, editing, and removing records. Tasks including order processing, inventory control,
and customer relationship management (CRM) are often performed by OLTP systems.
According to research, OLTP systems are a modification of a database, that can be used on
a day to day basis. [2].

However, research depicts that data warehouses are made for analytical processing. [3].
Within an organisation, they compile and arrange data from many sources to facilitate data
analysis, business intelligence, and decision-making processes. Longer-term historical data
storage is made possible by data warehouses, which provide sophisticated data analysis
and querying. [4].

Author Ponniah, states that OLTP databases and data warehouses serve distinct purposes.
OLTP databases are used for handling more specific and simpler data, while data
warehouses are used for managing broader and more complicated data. Furthermore, the
author asserts that the disparities also vary in terms of data storage, gathering, and
information dissemination. According to the author, a data warehouse depends on storage to
handle the substantial amounts of data from several sources, including external sources.
Additionally, the data warehouse is designed to accommodate various sorts of users that will
access the data. [5].

The structure of an OLTP databases is used to reduce redundancy and guarantee data
integrity because they are normalised. Their data structure has been normalised, making it
efficient for handling transactions and guaranteeing consistency.

A denormalized or star-schema structure is frequently used in data warehouses. By
arranging the data into dimensional tables (facts and dimensions, for example), this format
maximises data analysis for reporting and business intelligence needs. This facilitates
querying and analysis. [6].

According to author Krishnan, the distinction between OLTP and data warehousing
databases lies in the fact that data warehouses are specifically designed to display all the




accurate data that an organisation possesses, whereas an OLTP database can be utilised to
gather data from external sources and then process it into the data warehouse. [7].

Each database is optimized differently to perform their query and reports. Small-scale data
retrieval and manipulation can be accomplished quickly using OLTP databases because of
their optimised design. Real-time transaction processing and basic queries are appropriate
for this database.

However, complicated searches including joins, aggregations, and computations over huge
amounts of data are best suited for complicated data warehouses. In-depth analysis, report
generation, and historical trend and pattern insights are all made possible by them for
companies. [8].

Every database has a distinct purpose. Operational staff members use OLTP databases to
do daily transaction tasks. High concurrency and real-time data processing are supported by
these applications.

Decision-makers, analysts, and data scientists are the main users of data warehouses when
they want to extract knowledge from historical records. Forecasting, data mining, trend
analysis, and strategic decision-making are all supported by them. [9].

A Data Warehouse Investment for Cambrian Real Estate Has Several Advantages

+« Improved Decision-Making: If Cambrian Real Estate had access to a data
warehouse, it could examine past information to learn more about consumer
tendencies, property performance, and market trends. Determining pricing strategies,
investment opportunities, and resource allocation can be made easier with the use of
this information. [10].

+ Better Reporting and Analytics: Cambrian Real Estate can discover areas for
improvement, track key performance indicators (KPIs), and monitor operational
efficiency by using advanced analytics and thorough reports generated by a data
warehouse. [11].

+ Data Integration: Cambrian Real Estate may combine information from multiple
sources, including property listings, financial records, CRM systems, and market
data, by using a data warehouse. This integrated view of the data makes thorough
analysis easier and offers a comprehensive insight of the business. [12]

« Scalability: A data warehouse offers the potential to manage massive volumes of
data effectively as Cambrian Real Estate expands and gathers more information.
Without sacrificing performance, it can handle growing demands for processing and
data storage. [12].

« Data Quality and Consistency: A data warehouse guarantees data quality and
consistency by combining data into a single source of truth. By doing away with data
silos and inconsistencies, it offers trustworthy information for making decisions.

Ultimately, Cambrian Real Estate would be able to drive strategic initiatives, efficiently
exploit its data assets, and obtain a competitive edge in the real estate market by investing
in a data warehouse and the author “Ponniah” further explains that the organisation
experiences enhanced performance as a result of the different operations. This would




encompass the durations for generating reports, executing queries, and conducting data
analysis. [13].

Data Warehouse Architecture and Source System

This section will illustrate the utilisation of source systems for populating the Cambrian Real
Estate data warehouse. | will also examine the process of Extract, Transform, Load (ETL)
and its effective utilisation for the organisation.

By utilising research sources, | have created a diagram employing suitable software to
visually represent the structure and organisation of a data warehouse. [14], [15].

Data Warehousing “BI" Analytics

Data Mart
A

Data Mart eports /
B Dashboards

Data Mart
c

Information Portals (Internal / External)

Figure 1. Data Warehouse structure

Figure 1 shows that | added the steps to the data warehouse method. During step one, the
company would gather all of its data sources, both internally and externally. The second step
is the ETL process, which comes after this. All of the company's data and information will be
taken out of its source systems, changed or cleaned up, and then loaded into the data
warehouse as part of this process.

As aresdult, in step three, the appropriate information is transformed into suitable schemas in
order to streamline the retrieved data. Subsequently, this will be generated as the output in
the fourth phase, which involves the building of a data mart. This would facilitate the access
of important data by different departments inside the company.

Finally, the fifth step is the information presentation. At this stage, the collected information
will be presented and examined using data analysis reports. Additionally, there is another




step that includes users accessing all of this information, through portals and/or relative
displays.

Internal External

Dimension Table
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Figure 2. ETL plan.

An ETL incremental plan can demonstrate the process of transferring data from the source
systems of Cambrian Real Estate to the facts and dimensions of a new data warehouse. In
figure 2, we observe a comparable process in the architecture. We can also abserve the
movement of data from the source to the dimensions, which then enter the fact table, leading
to the generation of metadata and aggregated data.

The author, Ponniah, defines an ETL process as the use of many software tools by
organisations to extract data from their source systems, followed by the transformation,
cleaning, and insertion of the data into a data warehouse. [16].

The data-to-day operations of Cambrian Real Estate will remain unaffected by this process,
as the update to the data warehouse will occur during its offline period. Ponniah provides a
description of the strategies and methodology employed in an ETL process when applying
loading. These options include of appending, destructive merge, and constructive merge.
The following are techniques for incorporating new entries, updating existing entries with
more recent versions, and creating and defining duplicate entries of the same records. [16]




According to author Kimball, it is recommended to have an ETL manager for an ETL
process, as the best practice. They will oversee the day-to-day operations of an ETL team
and manage the maintenance of the data warehouse in relation to the ETL process. [17].

Data Mart for Cambrian Real Estate and departments

Cambrian Real Estate needs data marts to give tailored information to its divisions. They
meet the needs of the managing, finance, and sales and marketing directors. [18].

This is how each department can use data marts:

Managing director data marts may include financial, sales, marketing, and operations data.
Consolidated reports and dashboards will show revenue, profitability, market share,
customer happiness, and corporate trends. The data mart could include external market data
and industry benchmarks for decision-making. Data marts track long-term property pricing,
demand, and competitor trends. With this knowledge, the managing director can foresee
market moves and change corporate strategy. Data marts reveal resource utilisation, project
deadlines, and employee productivity to help the managing director optimise operations and
manage resources. [19].

A finance-specific data mart could incorporate ERP, accounting, and financial database
data. It would include financial records, cash flow analysis, budget vs. actual comparisons,
cost analysis, and forecasts. The data mart could improve strategic planning and risk
management using financial modelling and scenario analysis. The finance director can get
accurate financial reporting using data marts. Revenue breakdowns by property, area, or
client, spending analysis, cash flow forecasts, and budget vs. reality are presented. Data
marts help control risk with multi-source data. Monitor mortgage delinquencies, tenant credit
risk, and regulatory compliance. Data marts examine property development, purchase, and
upkeep expenses. The finance director can reduce expenses, improve supplier negotiations,
and optimise capital allocation with this information. [20].

A sales and marketing data mart may include CRM, sales pipeline, marketing automation,
and customer feedback. It would show sales performance metrics (conversion rates, sales
velocity, customer acquisition costs), customer demographics, buying behaviour, campaign
efficacy, and market segmentation. The data mart's advanced analytics could enable
predictive modelling, lead scoring, and customised marketing. Data marts categorise
customers by demographics, preferences, buying behaviour, and lifecycle stage. The sales
and marketing director can target certain target categories with marketing and sales. Data
marts may track real-time marketing campaign lead generation, conversion rates, client
acquisition costs, and ROI. A data mart can assess competitors' pricing, market positioning,
and promotions. Sales and marketing directors can identify and address competitive threats.
[21].

Examples of Data Mart Applications:




+ Sales data marts store transactional data on customer orders, product sales, and
revenue performance. Sales managers may frack sales, evaluate customers, and
estimate opportunities with the programme.

s Marketing data marts store data on campaign performance, customer demographics,
and market segmentation. It can help marketers evaluate their marketing efforts,
target certain client groups, and improve their strategies.

¢ Afinance data mart stores financial data such as income statements, balance
sheets, and cash flow statements. Finance managers can use it to analyse budget
discrepancies, financial performance, and department cost allocation.

Data marts foster departmental collaboration. A possible implementation is below:

« Managing Director + Sales and Marketing Director
*« Managing Director + Finance Director
+ Finance Director + Sales and Marketing Director

Every data mart holds crucial data for departmental managers' tasks. Data marts provide
quick, accurate, and actionable data to assist managers make wise business decisions.
These data marts integrate with the company's systems to improve information access and
infrastructure use.

Online Transaction Processing (OLTP) database and Data Warehouse
structures

The structural distinctions between an OLTP database and a data warehouse are varied.
The OLTP database adheres to a normalisation structure, while a data warehouse database
adheres to a facts/dimensions structure. Cambrian Real Estate currently uses their OLTP
database. [22].

On the other hand, the design of a data warehouse is dimensional, with a focus on efficiently
retrieving and analysing data for the goal of decision support and business intelligence.

Dimensional modelling entails the arrangement of data into two distinct categories of tables:

Fact tables are comprised of quantitative data, also known as facts, which reflect business
metrics or measurements. These facts can include information such as sales income,
product quantities, or customer orders. Fact tables commonly establish foreign key
associations with dimension tables and function as the primary focal point for analytical
queries and analysis. [23].

Dimension tables are comprised of descriptive attributes, also known as dimensions, which
offer context and supplementary information about the facts included in the fact tables.




Dimensions refer to category or textual data, such as product categories, client segments, or
time periods. Dimension tables function as reference tables for accessing and filtering data
in fact tables. [24].

Below is an example multi star schema diagram that Cambrian Real Estate could use:

Figure 3. Example of Multi Star Schema

Task 2

Internal and External Source Systems

Upon referencing source systems, | will proceed to conduct thorough study on source
systems and categorise them in accordance with the Cambrian Real Estate organisation.
Research source systems refer to the systems and processes that an organisation requires
in order to facilitate its growth. These systems will collect data from both internal and
external sources, which will then be evaluated and incorporated into the data warehouse
[25]. The sources involved will encompass orders from suppliers, distributors, and
manufacturers, internal resources, physical paper files, shareholder information, as well as
data obtained from sales and surveys done by the organisation. [26].

Internal source systems can be identified as follows:

s Customer Database: This system stores comprehensive information on customers,
including their demographic data, contact information, and their past interactions with
Cambrian Real Estate.




The Property Listings Database is a repository that contains comprehensive
information about properties that are currently on the market for sale or rent. This
information includes the property's address, type, size, price, year of construction,
and accompanying photographs.

The Lease Agreement Database oversees lease agreements for properties under
Cambrian's management, containing details such as terms, rental amounts, lease
lengths, and renewal dates.

The financial database stores and organises information about financial activities,
such as income from property sales and rentals, expenses, wages, taxes, and other
financial measurements.

External source systems identification:

Property Valuation Data: External databases or services provide property valuation
estimates based on factors such as location, property characteristics, market
circumstances, and recent sales data.

Demographic Data: External sources that offer demographic information on various
regions, encompassing population demographics, income levels, employment rates,
education levels, and household composition.

Industry Trends Data: External data sources offer valuable information on current
trends in the real estate industry, including data on average property prices, market
demand, housing inventory, interest rates, and economic indicators.

Competitor Data: Data pertaining to competitors in the real estate industry,
encompassing their property listings, pricing technigues, market dominance,
customer satisfaction ratings, and marketing strategies.

Appropriate Star Schema




Figure 4. Suitable Multi Star Schema for Cambrian Real Estate

Building upon the appropriate star schema identified in the preceding work, | proceeded to
enhance and expand the star schema. In the provided figure 4, | have specified the specific
dimensions and fact tables that will constitute the data warehouse utilised by Cambrian Real
Estate.

In the Star schema, the dimension tables are separate tables that are linked to the fact table
just once. These objects are of a grey colour. The fact tables that are collecting all of the
data from the dimensions are the tables that are tinted red. The multi-coloured tables are the
tables that have been standardised and will be connected to various fact tables. In order to
illustrate the connections between tables, | have employed coloured arrows to enhance the
legibility of the star schema.

The star schema is developed in this manner due to the compatibility between the data
union and the data transfer process in Cambrian Real Estate's point-of-sale system.
Furthermore, it is well-suited for the specific data that Cambrian Real Estate gathers
throughout its daily transactional activities. By utilising the star schema, the Cambrian will
have the capability to generate data marts from the fact tables. This will let the departments
to directly access the specific data they require. [27], [28].

Aggregate Data
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Figure 7. Meta Data

Figure 5, 6, 7 displays the metadata, aggregate data, and user data that will be gathered by
each of the fact tables.

The master data, seen in figure 6, is presented in a green hue and encompasses the
pertinent information for users, data sources, and tables along with their respective qualities.
The rationale for this architecture of the master data is to serve as a source of useful
information for end users and other queries. It includes details about table information, such
as data from individuals in the 'Customer' table or members in the admission table [29].

The metadata displayed in figure 7 are highlighted in blue. They provide the necessary
information to measure the modified table, identify the modified row, determine the old and
new values, and identify the sources of the data. The metadata will also record the user who
modified these settings and the exact timing of the modification. | selected this architecture
tor the metadata based on best practices and studies, which recommend it for enabling
businesses to track both the front and back rooms of metadata [30].

The data shown in figure 5 is depicted in the colour red. These tables facilitate the
monitoring of all the quantifiable aspects of a fact table. An illustration of this concept can be
seen in the Leases aggregate table. The system will monitor the cumulative sales on a daily
basis and subsequently categorise them by week, month, year, and quarter. Ultimately, the
user will have the capability to monitor the exact time when the data was generated.

Appropriate Data Marts
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Figure 8. Data Mart Schema

Figure 8 displays the dimensions and fact tables. The fact tables will have obtained their
data from the data contained in all dimension tables. This will be applicable to the Finance,
Sales, Leases, Customer, and Property fact tables. The fact tables will contain
independently generated data that is separate from the dimension tables. The origin of the
dimension tables will be diverse. In this scenario, certain data will be created autonomously,
while others will be obtained via the operational systems of the Cambrian.

ETL Plan for Cambrian Real Estate
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Figure 9. ETL plan

Figure 9illustrates a rudimentary ETL strategy that may be implemented by the Cambrian
organisation. | shall explicate the nature of the fact tables and the sources from which they
derive their data.

The Finance table is the initial table that is visible. This table will receive its data from the
Time, Property, and Customer tables in order to function as a fact table. Despite having a
one-to-many relationship, they will collect information including CustomerID and PropertylD.
Additional financial information and the TransactionlD, Transaction Type, and Amount will be
generated by the table.

The Leases table is the second table that is visible. This table will receive its data from the
Property, Customer, and Time tables in order to function as a fact table. Although their
relationship will be one-to-many, they will collect information including PropertylD and
CustomerlD. Lessee terms and monthly rent will be generated by the table itself.

The Sales table is the third table that is visible. The data for this primary fact table will be
derived from the following tables: Customer, Finance, Property, and Time. Despite having a
one-to-many relationship, they will collect information including CustomerID, PropertylD,
LocationID, and EmployeelD.

Additional Sale Details, SaleslID, and Sales Price are generated by the table itself.




The Customer table is the fourth table that is accessible. The data for this dimensions table
will be derived from the financial, sales, and leases tables.

The Time table is the fifth table that is visible. The data for this Dimensions table will be
derived from the Financial, Sales, and Leases tables.

The Employee table is identified as the sixth table that is visible. The Sales table will provide
the data for this table, which will function as a dimensions table.

The Location table is the eighth table that is visible. The data for this dimensions table will be
derived from the Sales and Property tables.

The Property table is identified as the eighth table that is visible. This table will receive its
data from the Sales, Financial, and Leases tables in order to function as a Dimensions table.

Data Quality and Information Governance issues

Data warehouse systems must have good data quality and information governance during
ETL and normal operation. Consider these crucial issues:

Data accuracy is crucial while extracting data from source systems. Incorrect data can affect
analysis and decision-making. Data profiling and validation checks should be used during
ETL to find and fix errors.

Data Completeness: The data warehouse must have all necessary data. Missing data can
bias analysis and insights. ETL should include data completeness checks to find missing
data and fill gaps.

Data consistency ensures data is uniform and coordinated across sources and systems.
Different naming standards, data formats, and definitions might cause inconsistencies. To
ensure consistency, ETL should use data standardisation methods including cleansing and
transformation. [31].

Timely data is essential for informed decision-making. Delays in data extraction,
transformation, or loading might affect data warehouse insights. To ensure timely data
availability, monitor data latency and deploy effective ETL operations.

Data integrity: Data integrity provides data accuracy and consistency throughout its lifecycle.
Keep referential integrity, enforce data constraints, and prohibit unauthorised changes. Data
integrity constraints and access controls protect warehouse data.

Data Governance: Data governance includes data asset management rules, procedures,
and controls. Data ownership, governance, and quality requirements are defined. Data
quality and integrity require continuous monitoring and enforcement of data governance
principles.

Metadata Management: Metadata contextualises warehouse data. Documenting data
lineage, definitions, and linkages is essential to metadata management. Comprehensive
metadata management improves data discovery, interpretation, and quality. [32].

Security: Data must be protected from unauthorised access, disclosure, and tampering. To
protect sensitive data in the data warehouse, utilise encryption, access controls, and




authentication. Data security is maintained by security audits and compliance checks.

Data Privacy: GDPR, CCPA, and HIPAA compliance is essential for privacy protection. To
comply with privacy laws, sensitive data should be anonymized, pseudonymized, and
masked. Implementing privacy-by-design principles embeds privacy into the data warehouse
system.

Data Retention and Archiving: Data lifecycle management requires data retention policies.
Archiving and removing old data optimises storage and keeps data relevant. Ensure legal
and regulatory data retention compliance.

Overall, data quality and information governance issues must be addressed throughout the
data lifecycle, from extraction to storage and analysis. Organisations may assure data
quality, integrity, and governance in their data warehouse system by employing rigorous
procedures, controls, and technology. [33].
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