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Executive Summary
This report examines how Rags’n’Riches Ltd could improve the management of its business information through the implementation of a data warehouse. The company currently operates multiple systems for orders, inventory, transport, and finance, which perform well for daily operations but make it difficult to view overall performance or identify long-term trends. By integrating these systems into a single analytical environment, a data warehouse would provide accurate, consistent, and accessible information to support better strategic and financial decisions.
The report explains the differences between the existing OLTP system and a data warehouse, outlines the proposed data architecture and ETL process, and discusses the use of departmental data marts for the Managing, Finance, and Sales Directors. It also introduces the principles of dimensional modelling, showing how they would simplify analysis for management. Together, these measures would enable Rags’n’Riches to improve profitability, control costs, and prepare for future growth within the competitive film and theatre rental industry.
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[bookmark: _Toc212491596]Task 1: Data Warehousing Concepts and Benefits

[bookmark: _Toc212491597]1.0 Introduction
Rags’n’Riches Ltd is a multi-site rental business supplying costumes and props to theatre and film, with six UK warehouses, diverse rental schemes, and complex logistics involving internal stock movements, staggered deliveries, and emergency surcharges. Anticipating demand growth, the board needs a data-driven operating model. This report explains how a data warehouse complements the existing OLTP systems to integrate orders, inventory, transport, and finance; outlines the data warehouse architecture and ETL approach; shows how department-specific data marts serve decision-makers; and contrasts OLTP’s normalised structures with dimensional modelling. The goal is faster, more reliable insight for profitability, capacity planning, and growth.
[bookmark: _Toc212491598]1.1 OLTP vs Data Warehouse
An Online Transaction Processing (OLTP) system is a database designed to record and manage individual business transactions in real time [1]. It supports day-to-day operations where speed, accuracy, and data consistency are essential. It records events such as new orders, deliveries, returns, and payments, ensuring that data is always current and reliable. The database is organised into multiple related tables (a normalised structure) to avoid duplication and make updates quick [1]. This model is ideal for operational efficiency but offers little flexibility for analysis. When managers need to compare sales performance, identify seasonal trends, or calculate margins, the system cannot easily provide those insights without affecting its performance [1].
By contrast, a Data Warehouse, often called an Online Analytical Processing (OLAP) system, stores data that has been collected, cleaned, and integrated from several OLTP sources [2]. Its structure is denormalised to enable fast analytical queries on large volumes of historical data. It allows the company to identify long-term patterns and relationships instead of handling transactions [2]. For Rags’n’Riches, this means tracking which rental schemes generate the highest profit, how often certain warehouses handle urgent orders, and how delivery costs vary across regions. A data warehouse does not replace the operational system but complements it by moving the analytical workload away from daily operations. The OLTP continues to run the business; the Data Warehouse helps management understand and improve it [2].
[bookmark: _Toc212491599]1.2 Data Warehouse Architecture and ETL
A data warehouse collects and organises information from every relevant system into a consistent analytical structure. The overall architecture of the proposed data warehouse for Rags’n’Riches is shown in Figure 1 [3].
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Figure 1. Data Warehouse Architecture and ETL Process

In a typical enterprise, information comes from different source systems, each designed for a specific operational purpose [4]. A source system can be any application or database that captures daily business transactions. These systems store data in normalised tables to support accuracy and speed, but their separation creates isolated systems. When data from these systems is integrated into a warehouse, it becomes possible to analyse performance across the whole organisation instead of within individual departments [4].
Data sources are divided into internal and external categories. For Rags’n’Riches, internal sources include the Orders, Inventory, Transport, and Finance systems, while external sources provide contextual information such as fuel price indexes, weather data, distance calculators, industry schedules, and seasonal calendars. Together they form the foundation of the analytical environment, combining transactional detail with broader business context [5]. 
Within the data warehouse architecture, the ETL layer acts as a bridge between these diverse systems and the analytical environment [6]. It ensures that information from different formats and technologies, such as relational databases, spreadsheets, or web-based APIs, is converted into a single, standardised structure [6]. This step is critical for consistency and allows departments to analyse information from a shared perspective.
The process of moving data from source systems into the warehouse follows the Extract, Transform, Load (ETL) model [6]. During extraction, information is copied or streamed from operational databases at scheduled intervals, ensuring that day-to-day processes are not interrupted. In the transformation stage, data is cleaned, validated, and standardised to create a consistent structure. This may involve removing duplicates, correcting errors, applying business rules, and calculating derived values such as discounts or total rental costs. Once transformed, the data is loaded into the warehouse, where it can be accessed safely without impacting live operations [6].
This design allows the company to maintain efficient operational systems while building a unified, reliable analytical environment. Over time, the warehouse becomes the trusted source of truth for all departments, supporting accurate reporting, long-term planning, and data-driven strategic management.
[bookmark: _Toc212491600]1.3 Data Marts for Directors
A data mart is a focused subsection of a data warehouse created to meet the specific analytical needs of a particular department or managerial role [7]. While the warehouse stores the organisation’s full dataset, data marts extract only the information relevant to each function [7]. This makes it faster and easier for managers to access key indicators without querying the entire warehouse [8]. For Rags’n’Riches, data marts ensure that each director gains clear, timely insight into their area of responsibility.
Figure 2 illustrates examples of performance metrics provided by each data mart for the company’s directors.
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Figure 2. Example of metrics provided by each Data Mart for Rags’n’Riches directors.

The Managing Director oversees operations and service efficiency. Their mart focuses on metrics such as transport performance, vehicle utilisation, delivery punctuality and warehouse throughput. These indicators allow the director to monitor delays, compare performance between warehouses and identify patterns that affect productivity or customer satisfaction. The mart also supports decisions on where operational costs arise and which processes can be streamlined to improve overall efficiency [8]. Over time, this data helps the director evaluate service quality, optimise resource allocation and strengthen coordination between logistics and warehouse teams.
The Finance Director’s mart concentrates on revenues, expenses, discounts and write offs, presenting a consolidated view of profitability and cash flow. By analysing this data, the director can identify the most profitable rental schemes, assess the financial impact of damaged items and ensure that expenditure aligns with income trends. This visibility enables more accurate budgeting and long-term financial planning [8]. It also provides evidence for investment decisions, cost reduction initiatives and financial performance reporting to senior management.
The Sales and Marketing Director uses a mart centred on customer and sales behaviour. Metrics such as rental volume, order value, retention rate and regional demand reveal customer preferences and sales performance across regions. Insights from this mart guide promotional campaigns, pricing adjustments and communication strategies aimed at improving loyalty and profitability [8]. The mart supports targeted marketing and helps the director forecast demand, identify growth opportunities and adapt strategies to seasonal or regional trends.
Although each mart serves a different purpose, all originate from the same central warehouse [7]. Consistent definitions of customer, item, warehouse and time ensure that performance figures match across departments and that managerial decisions rely on a single trusted version of company data.
[bookmark: _Toc212491601]1.4 Normalised vs Dimensional Modelling
A normalised model is a database design used in Online Transaction Processing (OLTP) systems to maintain data accuracy and minimise redundancy [9]. Data is split into multiple related tables, each containing one type of information such as customers, orders or items [9]. This design ensures integrity and prevents duplication but can make analysis complex and time consuming. For example, answering “Which warehouse generated the highest rental income last quarter?” requires joining several tables and performing calculations that slow performance and complicate reporting. This structure is ideal for daily operations but less efficient for strategic analysis [9].
In contrast, a dimensional model, used in data warehousing, organises data around a central fact table that stores quantitative measures, supported by dimension tables providing descriptive context [10]. For Rags’n’Riches, a fact table such as FactRental would contain metrics like total cost, discount and rental days, while dimension tables describe customers, items, warehouses, regions and time periods. Together these form a star schema, a simplified layout where each dimension connects directly to the fact table [10].
As illustrated in Figure 3 and Figure 4, the difference between the two structures is both visual and conceptual. The normalised model resembles a network of interconnected tables, while the dimensional model radiates from a single centre [9], [10]. This design enables faster queries and simpler navigation, allowing managers to explore performance data and identify trends without deep technical knowledge. It turns operational data into accessible insights that directly support business strategy.
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Figure 3. Normalised model used in OLTP systems
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Figure 4. Dimensional star schema used in data warehouses
[bookmark: _Toc212491602]1.5 Conclusion
Implementing a data warehouse would give Rags’n’Riches a clear and comprehensive view of its business performance. By integrating data from orders, stock, transport, and finance, the company would move from fragmented reporting to a single, reliable analytical foundation. Each department would access the information it needs while sharing a consistent version of the truth. This unified approach would reduce duplication, improve reporting accuracy, and enable faster, evidence-based decisions. Overall, the data warehouse would enhance cost efficiency, strengthen strategic management, and support the company’s continued growth within the expanding film and theatre production industry.

[bookmark: _Toc212491603]Task 2: Star Schema Design and Development

[bookmark: _Toc212491604]2.0 Introduction
Building on the concepts discussed in Task 1, this section proposes a practical data warehouse design for Rags’n’Riches Ltd. The goal is to create a unified system capable of combining operational data from orders, warehouses, transport, and finance to support consistent, data-driven decision-making. The design is based on a star schema architecture that simplifies reporting, enables efficient queries, and provides reliable insights for management. It identifies the company’s data sources, presents the proposed schema, describes how the data will be transformed and loaded, and outlines the key governance principles needed to maintain data quality over time.
[bookmark: _Toc212491605]2.1 Source Systems
Source systems are the original data repositories that supply information to a data warehouse, and they are typically classified as internal or external [11].
Internal source systems store operational data generated within the organisation, while external systems provide contextual information from outside the business [11]. For Rags’n’Riches, internal sources include the order management system, which records customer transactions; the warehouse inventory database, which tracks item locations and damage; the transport system, which captures mileage and delivery confirmation; and the financial system, which stores invoices and payments. External sources include fuel price indexes, distance calculators, weather data, and seasonal calendars used for logistics and demand forecasting. Combining these datasets allows the company to analyse costs, predict seasonal trends, and improve operational planning [11].
2.2 Star Schema Design
Several data warehouse schema models can be used to structure analytical data [12]. The three most common are the Star Schema, the Snowflake Schema, and the Data Vault [12]. The Star Schema arranges data around a central fact table connected to multiple dimension tables [13]. The fact table stores measurable events, such as sales or rentals, while dimensions provide descriptive context such as customers, items, or time periods. Its simplicity and denormalised structure make it efficient for analytical queries [13].
The Snowflake Schema extends the star model by normalising dimension tables into sub tables [12]. This design reduces redundancy but adds complexity as each query requires more joins [12]. The Data Vault model, designed for large and dynamic organisations, separates data into hubs, links and satellites to maximise flexibility and auditability [14]. However, it is more complex to implement and requires advanced modelling skills.
For Rags’n’Riches the Star Schema is the most suitable design. The company’s data requirements are stable and its main need is to integrate operational data from multiple systems into a unified analytical environment. The star structure supports quick queries, intuitive navigation, and consistent reporting across departments. It is easier to maintain and scale than a snowflake or data vault approach and offers a clear visual representation of how business processes are connected.
The proposed Star Schema for Rags’n’Riches (Figure 5) is built around three fact tables: FactRental, FactFinance, and FactTransport.
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Figure 5. Star Schema for Rags’n’Riches Ltd with supporting data layers.

FactRental records details of customer rentals, including total cost, discount, surcharge, and rental days. FactFinance contains financial measures such as revenue, expenses, profit margin, and write offs. FactTransport stores operational metrics like mileage, delivery cost, and delay times. Each fact table is linked to a set of dimension tables that provide context for analysis [15]. Two dimensions, Warehouse and Time, are conformed dimensions shared across all three fact tables, ensuring consistent reporting for location and period-based analysis. The Customer and Item dimensions are shared between the FactRental and FactFinance tables, maintaining alignment between operational and financial performance data, but are not required in the FactTransport table, which focuses on logistics specific metrics such as distance, fuel cost, and delivery time.
Additional dimensions are specific to each business area: RentalScheme for rentals, Vehicle and Driver for transport, and Account for finance. This structure allows managers to perform both high level and detailed analyses, such as evaluating which
customers generate the highest revenue, which warehouses operate most efficiently, or how transport delays affect profitability [15].
Alongside the star schema, Figure 5 also shows three supporting data layers: Master Data, Aggregate Data and Metadata [16]. Master Data provides consistent reference information such as customer names, warehouse locations and item categories [16]. Aggregate Data holds pre calculated summaries, for example monthly revenue or average delivery cost, to improve reporting speed [16]. Metadata tracks the origin, ownership and frequency of updates for all datasets, ensuring transparency and traceability across the warehouse environment [16].
[bookmark: _Toc212491606]2.3 Data Marts
Rags’n’Riches would require three departmental data marts, Operations, Finance, and Sales & Marketing, to support focused analysis for its main directors. These marts are essential to transform detailed operational data into meaningful insights that guide business performance [17]. Each department requires a dedicated analytical view to monitor efficiency, profitability, and customer demand while maintaining consistency across the organisation’s information systems [17].
The Operations Data Mart (Figure 6) would draw from the FactTransport table and relevant dimensions to measure efficiency and capacity. It would allow the Managing Director to analyse delivery punctuality, fuel consumption, warehouse utilisation, and internal stock movements, highlighting areas where costs or delays occur most frequently.
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Figure 6. Operations Data Mart

The Finance Data Mart (Figure 7) would be based on the FactFinance table and related dimensions. It would provide visibility of revenue, expenses, profit margins, and write-offs, helping the Finance Director monitor overall financial performance and assess the impact of damaged or written-off items.
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Figure 7. Finance Data Mart

The Sales and Marketing Data Mart (Figure 8) would use data from the FactRental table to analyse customer demand, item popularity, and seasonal trends. It would help the Sales and Marketing Director evaluate which products or rental schemes drive the highest sales and identify opportunities for targeted promotions or pricing adjustments.
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Figure 8. Sales and Marketing Data Mart

Each mart would be a simplified subset of the warehouse, using consistent dimensions for time, warehouse, customer, and item. This ensures that reports across departments use the same definitions and can be accurately compared [17].
[bookmark: _Toc212491607]2.4 Simplified ETL Plan
The ETL process defines how data will be extracted from operational systems, transformed for consistency, and loaded into the data warehouse [6]. The summary in Figure 9 outlines the main tables, their source systems, and key transformations required before loading [18]. These steps ensure that all datasets are compatible and accurate when integrated. For example, customer information is deduplicated and validated, rental and transport data are enriched with calculated costs and distances, and financial data is adjusted for revenue and expenses. Standardising warehouse codes and generating time-based records also ensures alignment across departments.
This ETL design guarantees that data entering the warehouse is clean, verified, and ready for analysis, providing a stable foundation for dashboards, forecasting, and long-term strategic reporting [18].
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Figure 9. ETL Process: Data Extraction, Transformation, and Loading

[bookmark: _Toc212491608]2.5 Data Quality and Governance
Data quality refers to the accuracy, completeness, and consistency of information stored in a data warehouse [19]. Maintaining high quality is essential for the warehouse’s long-term reliability. Data must be validated during transformation to remove duplicates, correct errors, and standardise formats [19]. Governance procedures assign ownership to each source, control transformation rules, and document updates through metadata [20]. Role-based access and regular audits ensure compliance, accuracy, and trust across the system [20].
[bookmark: _Toc212491609]2.6 Conclusion
The proposed data warehouse gives Rags’n’Riches a unified framework for managing information across its operations. The star schema, supported by master, aggregate, and metadata layers, ensures analytical depth and consistency. Departmental data marts and a disciplined ETL process enable accurate reporting, while governance safeguards data quality. Together, these components provide a robust foundation for strategic growth, financial stability, and international expansion as the company prepares for increasing demand in the film and theatre industry.
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