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Design and Development of a Data Warehouse and Star Schema for Rags’n’Riches LtdExecutive Summary

This report presents a data-driven solution to improve decision-making at Rags’n’Riches Ltd. It describes how implementing a data warehouse, supported by a star schema, departmental data marts, and a reliable ETL process, will enhance performance visibility, improve reporting efficiency, and reinforce data governance. The suggested design enables management to access accurate insights across key business areas quickly and provides a scalable foundation to support the company’s future growth and strategic aims.



[bookmark: _Toc213337388]Task One: Data Warehousing Concepts and Benefits
[bookmark: _Toc213337389]Introduction
Rags’n’Riches Ltd runs a multi-site costume and prop rental business serving theatres and film production companies throughout the UK. Although the organisation’s current operational systems handle daily transactions, they offer limited insight into cross-warehouse performance, customer trends, and profitability. As the company prepares for anticipated growth in UK film production, senior management needs more robust analytical insights to support strategic decision-making. This section explains key data warehousing concepts, differentiates them from transactional systems, and details how a data warehouse would improve reporting, efficiency, and evidence-based planning across the organisation.
[bookmark: _Toc213337390]OLTP vs Data Warehouse
Online Transaction Processing (OLTP) systems efficiently handle high-volume, daily business transactions, supporting quick insert, update, and retrieval to maintain data accuracy and consistency. [] OLTP databases are highly normalised, reducing redundancy and ensuring transactional integrity, making them ideal for operational tasks like recording rentals, processing deliveries/returns, and issuing invoices. This allows Rags’n’Riches staff to access and update records in real time, supporting quick costume and prop hiring across multiple sites. However, distributed data across many linked tables makes OLTP systems unsuitable for complex analytical queries, historical comparisons, aggregated reporting, or multi-warehouse analysis. []
A Data Warehouse (DW) is a subject-oriented, integrated, time-variant, and non-volatile repository for decision support, not for operational processing. [] It consolidates, cleans, and transforms data from multiple sources into a dimensional structure optimised for analytics, trend analysis, and strategic reports without affecting daily operations.
Introducing a DW offers Rags’n’Riches strategic insight through profitability analysis, demand identification, logistics and fuel monitoring, and seasonal forecasting. This supports data-driven decisions, operational efficiency, and growth planning. (Figure 1 shows the comparison and benefits of DW for R’n’R)Figure 1: Comparison/benefits between OLTP and OLTP integrated with DW


[bookmark: _Toc213337391]Data-Warehouse Architecture and ETL
A data warehouse (DW) is built on a structured architecture comprising several key components that work together to support reliable reporting and strategic decision-making. At its core, a DW typically includes data sources, a staging area, the central warehouse repository, and data marts for departmental reporting. The central repository is organised using a dimensional model that enables fast analysis, while additional layers, such as metadata management and master data, ensure consistency and standardisation across the organisation. [] Modern approaches increasingly enhance this architecture with a data-lake component to store large volumes of diverse data, offering flexibility for future analytics and data science initiatives. []
The DW combines internal data from rental, stock, logistics, warehouse, fuel, and finance systems with external data such as market trends and industry demands to provide Rags’n’Riches with a single, reliable source. This supports operational monitoring and strategic insights, aligning with modern data architecture practices. []
To populate the DW, data is passed through an ETL (Extract, Transform, Load) process. In simple terms, ETL “extracts” data from source systems, “transforms” it by cleaning, validating, and standardising it, and then “loads” it into the DW in a format suitable for analysis. This process ensures that data entering the warehouse is accurate, consistent, and ready for reporting. [] ETL may include applying business rules, removing duplicates, correcting errors, and aligning naming conventions across warehouses. (see Figure 2 - DW architecture)Figure 2: Data Warehouse Architecture

Importantly, ETL is designed to avoid disrupting daily operations. Data is extracted occasionally, often overnight or during low activity, ensuring the rental system runs smoothly without affecting customer service. Modern ETL tools and scheduling keep analytical processing separate from transactional processing, safeguarding system performance while providing current information for decision-makers. []. 
[bookmark: _Toc213337392]Data Marts for Directors
A Data Mart is a subject-specific part of a data warehouse designed for a business function's analytical needs. Instead of accessing the whole warehouse, data marts provide refined, relevant datasets for faster decision-making. They enhance query performance, usability for non-technical users, and help managers focus on key information. [] Data marts also support organisational agility by tailoring analytics to departmental priorities without compromising the integrity of enterprise-wide data.
For Rags’n’Riches, three data marts are recommended to align with the core information needs of senior leadership:
Finance Data Mart
This mart supports the Finance Director with financial insights on warehouses, rental schemes, and periods. It monitors income, expenditure, profitability, and costs for various products and locations. Key metrics include revenue per warehouse, rental income, write-offs, logistics costs, asset depreciation, and customer payments. This aligns with financial analytics for investment and profitability decisions. [].
Sales and Marketing Data Mart
Designed for the Sales & Marketing Director, this mart focuses on customer behaviour, product demand, and market trends. It enables tracking of rental schemes, customer segments, seasonal patterns, and promotional impact. Metrics include top rental costume types, repeat customer rate, promotion effectiveness, customer lifetime value, seasonal revenue spikes, and rental volume by region. Analysts can also assess emerging demand to guide new prop and costume acquisitions. [].
HR and Operations Data Mart
This mart supports the Managing Director and HR/Operations leads by combining workforce, warehouse, stock, and logistics data to monitor efficiency across six warehouse sites. Metrics include staff utilisation, order fulfilment, transport mileage, inventory turnover, late deliveries, damage rates, and fuel use. These insights enable data-driven resource allocation, process improvements, and benchmarking performance. []
As noted by [], Data marts enhance performance by isolating high-value data, thereby decreasing query load on the central data warehouse. 
All marts use standardised dimensions, providing a single source of truth. Metadata records document lineage, ownership, and transformation logic in accordance with governance standards. [] []. See Figure 3 (the Data mart part is bordered in red).
Figure 3: Data marts, Dashboard Layer and User Dashboard Example
Data Marts

[bookmark: _Toc213337393]Normalised vs Dimensional Structures and Example Star Schema
Operational systems like Rags’n’Riches' rental database use normalisation, a method of organising data into related tables to reduce redundancy and ensure data integrity. It guarantees that each data element is stored once and updated consistently, which is vital for accuracy and efficiency. []. This method is ideal for OLTP environments, where activities such as booking rentals, updating stock, and issuing invoices require quick, reliable inserts, updates, and lookups.
Dimensional modelling in data warehousing structures data into fact tables with measurable events and dimension tables describing their context, supporting analytical processing. [] This design forms a star schema for quick aggregation, trend analysis, and reporting. Dimensional modelling is time-variant, retaining historical data for business intelligence, not daily operations. (see Figure 4)
For example, a Rental Fact table records daily rental revenue, item quantities, and delivery costs, with dimensions like Warehouse, Customer, Date, and Item Type for analysis. Managers can quickly identify top revenue warehouses or seasonal rental trends —queries that are slow and complex in a fully normalised OLTP system.Figure 4: A Simple Star Schema Example


Dimensional modelling enables Rags’n’Riches to run faster queries, provide simpler reporting for non-technical users, and compare performance across business dimensions without affecting operational systems. []
[bookmark: _Toc213337394]Conclusion:
Moving from Rags’n’Riches’ current OLTP system to a Data Warehouse transforms operational data into a strategic asset. The OLTP supports daily processing but isn't suited for cross-warehouse reporting. A Data Warehouse provides a unified view of performance, allowing analysis of rental trends, customer behaviour, logistics costs, and profitability. This shift offers senior management timely, accurate insights to enhance efficiency, increase revenue, and plan growth with confidence.
[bookmark: _Toc213337395]Task Two: Star Schema Design and Development 
[bookmark: _Toc213337396]Introduction
This section proposes a star-schema data warehouse design to facilitate integrated reporting and analysis across Rags’n’Riches’ rental, logistics, finance, and operational functions. A star schema organises data into fact and dimension tables to provide a consistent, business-oriented view of organisational performance. This structure consolidates various data sources—such as rentals, stock movements, transport, fuel usage, and customer information—into a single analytical platform. The design ensures managers can access timely, accurate insights, supporting performance monitoring, strategic planning, and evidence-based decision-making across the organisation’s six warehouses.
[bookmark: _Toc213337397]Source Systems/ Identification of Internal and External Source Systems
Internal data sources are systems within an organisation that collect operational data, including transactional applications, logistics systems, and finance records—these supply essential data for analysis. []. 
For Rags’n’Riches, key internal sources include the rental OLTP system (orders, deliveries, returns, invoices), warehouse inventory, stock-movement records, transport scheduling, driver mileage logs, fuel card data, and financial reports. These sources provide detailed operational data to the data warehouse, enabling analysis of performance, profitability, and efficiency.
External data sources come from outside the company and enrich the DW with contextual and strategic information. These sources are utilised to enhance business intelligence and support better decision-making. []. External sources for Rags’n’Riches include industry trend reports, competitor pricing, seasonal calendars, supplier catalogues, and regional filming demand data. These offer market insights to support forecasting, pricing, investment planning, and acquisitions.
The table below shows how Data sources contribute to the DW:
	Source Type
	Example Systems
	Contribution to the Data Warehouse

	Internal Sources
	Rental OLTP system (orders, invoices, returns)
	Provides core transactional data for analysing revenue, rental volume, customer behaviour, and operational performance

	
	Warehouse inventory & stock-movement 
	Enables monitoring of stock levels, utilisation, item location, and write-offs across warehouses

	
	Transport & delivery system (driver, mileage, routes)
	Supports logistics performance analysis, cost-to-serve calculations, and efficiency improvements

	
	Fuel card usage & vehicle cost data
	Enables tracking of transport costs and supports budgeting and cost control

	
	Monthly financial reporting system
	Provides income, expenditure, and profitability data for financial planning

	External Sources
	Theatre & film industry trend reports
	Adds market insight to support demand forecasting and strategic positioning []

	
	Competitor pricing & market rates
	Supports pricing optimisation and benchmarking for rental schemes and items

	
	Seasonal & production event calendars
	Supports prediction of seasonal demand for resource and stock planning

	
	Supplier catalogues for new props/costumes
	Informs acquisition planning for expanding stock

	
	Regional filming demand & location statistics
	Supports warehouse capacity, stock distribution, and expansion decisions



[bookmark: _Toc213337398]Star Schema Design (with Master Data, Metadata & Aggregates)
A star schema is a dimensional model with a central fact table linked to descriptive dimension tables via surrogate keys. This design simplifies queries, speeds up aggregations, and clearly presents data for BI and reporting. Popular for decision support, star schemas reduce join complexity compared to normalised OLTP schemas and focus on performance by time, product, customer, and location. [] [] []. (see Figure 5)
Figure 5: Multi-Star Schema Diagram for Rags’n’Riches:
Not all possible dimensions and attributes are included. The purpose here is the proposed system of DW.

[bookmark: _Toc213337399]Central Fact Tables 
The proposed Rags’n’Riches data warehouse has four central fact tables, each representing a key business process for reporting and analysis.
Rentals Fact: records each rental activity per item per day, maintaining a detailed history for rich, multidimensional reporting, as seen in star schema benefits. []
Finance Fact: records customer order financials, including deposits, invoices, additional charges, late fees, and write-offs. Modelling transactions at the invoice level ensures clear traceability of revenue and costs, helping profitability analysis at the customer, warehouse, and product levels. This provides strategic insights beyond operational systems, highlighting the importance of decision support in data mart architecture research. []
Logistics Fact: records delivery and collection events, showing operational effort for customer orders. Tracking this activity helps monitor mileage, delivery times, transport efficiency, and regional or customer segment costs. This insight supports strategic optimisation of routes, warehouse coordination, and resource use, reinforcing the benefits of dimensional modelling in warehouse optimisation. []
HR/Operations Fact: monitors daily activities like warehouse prep, inventory, and transport, measuring productivity, labour, workload, and site performance. Including HR metrics in the data warehouse supports data-driven planning and underscores the value of departmental analytics in decision-making. [] These fact tables are connected to these dimension tables below:
	Dimension
	Purpose
	Example Insights Enabled

	Item
	Describes costumes/props, categories, core vs. specialist, and warehouse.
	Most rented items, stock gaps, and acquisition needs

	Warehouse
	Details of warehouse location, region, and specialism.
	Performance comparison across sites, utilisation

	Customer
	Stores customer and organisation details with historical changes
	Customer value, repeat business, market segments

	Scheme
	Defines rental schemes, pricing models, and discount rules
	Scheme profitability, discount effectiveness

	Time
	Calendar, fiscal periods, seasons, holidays
	Seasonal demand, monthly trends, yearly growth

	Employee
	Workforce details, roles, and employment history
	Staff productivity, labour planning, HR insights

	Vehicle
	Records vehicle type, fuel details and usage attributes
	Transport efficiency, cost-per-mile, route planning



[bookmark: _Toc213337400]Master data, metadata, and aggregate tables
Effective data-warehouse performance relies on governance of master data, metadata, and aggregates. Managed conformed dimensions, such as Customer, Item, Warehouse, Vehicle, and Employee, ensuring consistency in business keys, hierarchies, and attributes. [] A centralised metadata repository must document source lineage, transformation rules, SCD policies, grain definitions, and KPI logic to ensure transparency and standardised reporting. [] To optimise query performance, selected aggregate tables (e.g., monthly warehouse sales, item popularity, and logistics cost by route) streamline computation and reduce processing time on large fact tables. [].
Support for Business KPIs
The star schema enables enterprise monitoring across departments. Finance reviews profitability, costs, and payments via rental and logistics data. Sales and Marketing analyse customer behaviour, scheme success, and seasonal demand to guide pricing and acquisition. HR and Operations focus on workforce use, delivery efficiency, and stock performance to enhance planning and service. Conformed dimensions, governed metadata, and targeted aggregates ensure reliable KPI reporting organisation-wide.

[bookmark: _Toc213337401]Data Marts/ Identification of Appropriate Data Marts
A Data Mart is a subject-specific subset of a Data Warehouse designed to provide focused, high-performance access to information for a particular business function or department. [] Organisations use data marts to deliver tailored insights to different managerial roles, improve query speed, simplify reporting for non-technical users, and enhance decision-making without exposing the full warehouse to every user. [].
[bookmark: _Toc213337402]There are three recognised types of data marts.
· Dependent Data Marts are sourced directly from the enterprise data warehouse and ensure consistency across departments.
· Independent Data Marts are built from standalone sources and operate separately.
· Hybrid Data Marts combine data from the DW and additional external systems where needed [].
For Rags’n’Riches, using three dependent data marts for Finance, Sales & Marketing, and HR & Operations departments helps maintain a single version of the truth.
Finance Data Mart uses Fact_Rental, Fact_Logistics, DimTime, Dim_Warehouse, Dim_Customer, Dim_Item, and Dim_Order to analyse revenue, profit, write-offs, transport costs, payment status, and KPIs. As shown in Figure 6 (bordered in red), the Finance mart provides analytical Data from Fact and Dimension tables, specifically and related to the Finance Director.Figure 6

Figure 7

Sales & Marketing Data Mart(Figure 7- bordered in red) analyses customer behaviour, seasonal demand, campaign impact, and rental scheme performance using Fact_Rental, Dim_Customer, Dim_Item, Dim_Scheme, Dim_Location, and Dim_Time. [].

HR & Operations Data Mart (Figure 8 —bordered in red) uses Fact_Logistics, FactInventory, Dim_Employee, Dim_Vehicle, Dim_Warehouse, and Dim_Time to monitor workforce utilisation, delivery efficiency, stock turnover, damage trends, and warehouse performance.Figure 8



These customised marts ensure that each director can access relevant KPIs.
[bookmark: _Toc213337403]Simplified ETL Plan
An ETL plan explains how data is extracted from sources, transformed for quality, and loaded into the Data Warehouse. ETL provides a structured process for integrating data from multiple systems into a trusted repository. [] Rags’n’Riches' nightly ETL extracts data from internal systems and approved external sources, storing it in a staging area. The data is cleaned, conformed, and enriched before loading into fact and dimension tables to ensure analytics consistency. [] Metadata and lineage tracking will maintain auditability [].

ETL Plan Table: This table shows the Simplified ETL Plan
	DW Table
	Source(s)
	Key Transformations

	Fact_Rentals
	OLTP orders/returns/invoicing
	1. Calculate the rental amount and days. 
2. Apply set/box/quantity discounts and emergency surcharge.
3. de-duplicate lines. 
4. Validate item availability. 
Assign keys to Item, Warehouse, Customer, Scheme, and Time.

	Fact_Finance
	Invoicing, payments, write-offs, adjustments
	1. Derive invoice totals (deposit/final), taxes and fees.
2. Compute outstanding balance and write-off amounts.
3. currency/rounding checks.
Assign keys to Customer, Warehouse, Scheme, and Time.

	Fact_Logistics
	Transport/dispatch logs, delivery & pickup confirmations, fuel cards
	1. Compute delivery cost and distance.
2.  on-time/late flag.
3. trip count.
4. fuel usage enrichment.
5. harmonise client locations.
Assign keys to Warehouse (dispatch/receive), Vehicle, Employee, and Time.

	Fact_HR
	HR timesheets/rostering, task logs (warehouse/transport)
	1. Derive hours worked and task counts per day.
2. absence/leave coding.
3. productivity indicators.
Assign keys to Employee, Warehouse, Time (and Vehicle when driver tasks are recorded).

	Dim_Item
	Inventory master, acquisition catalogues
	1. Standardise item names/categories.
2. Map core vs specialist and home warehouse. 
SCD Type 2 with surrogate keys.

	Dim_Warehouse
	Warehouse master
	1. Capture site details, region and specialism.
2. Enforce unique business keys.

	Dim_Customer
	OLTP customers, account records
	1. Clean names/addresses.
2. deduplicate entities. 
3. GDPR minimisation.
SCD Type 2.

	Dim_Scheme
	Pricing/rental scheme master
	1. Encode scheme rules and discount thresholds.
2. valid-from/to handling
3. conformance checks.

	Dim_Time
	Calendar generator
	1. Populate calendar attributes (day/week/month/quarter/year), seasons and holidays. 
2. Fiscal mappings.

	Dim_Employee
	HR system (staff master)
	1. Standardise roles and status.
2. employment start/end.
SCD Type 2.

	Dim_Vehicle
	Fleet master, fuel card registry
	1. Standardise vehicle identifiers. 
2. fuel type/capacity.
3. active periods. 
4. compliance attributes.



[bookmark: _Toc213337404]Data Quality and Information Governance
Data quality relates to the accuracy, consistency, completeness, timeliness, and reliability of data, and is vital for ensuring trustworthy reporting and effective decision-making. [] Common challenges related to Data Quality include inconsistent records, missing values, incorrect data, and misaligned standards. Strong governance mitigates these risks with validation rules, data cleansing, standard definitions, and ownership. Metadata, audit trails, and lineage support traceability. [], while GDPR-compliant handling of personal data must be maintained throughout ETL and daily DW operations [].

[bookmark: _Toc213337405]Conclusion
Section 2 translated Rags’n’Riches Ltd’s data warehouse strategy into an implementation plan. It identified data sources, designed a multi-star schema with governance, and outlined departmental marts and ETL processes. The architecture provides a unified, GDPR-compliant platform for real-time insights, cross-departmental reporting, and scalable growth. This approach provides Rags’n’Riches Ltd with a reliable analytical foundation and positions the company for improved operational efficiency, stronger financial control, and strategic planning for future expansion.
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