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Abstract

Rags’n’Riches Ltd has evolved from a small theatrical costume supplier into a national multi-warehouse organisation serving theatre groups and major film studios. Despite this growth, the business faces increasing challenges caused by fragmented data, inconsistent reporting, and limited analytical capability. This report evaluates how a data-warehouse solution can address these issues.
Task 1 examines key data-management concepts, including the distinction between OLTP and data-warehouse systems, the role of ETL processes, the benefits of data-mart deployment for departmental managers, and the value of dimensional modelling using star-schema design. These foundations demonstrate why a data warehouse is essential for improving decision-making and operational insight.
Task 2 develops a complete technical design for the organisation, including source-system identification, a custom star schema for rentals, transport and inventory, departmental data marts, an ETL plan, and governance requirements. The resulting solution provides an integrated platform to support strategic growth and improved operational performance.















Summary
Rags’n’Riches Ltd is a multi-site costume and prop-hire company operating with fragmented operational systems that limit strategic insight and efficiency. This report examines how a modern data-warehouse solution can address these challenges. Task 1 evaluates the differences between OLTP and analytical systems, outlines a suitable warehouse architecture, explains ETL processes, demonstrates the use of data marts, and contrasts normalised and dimensional modelling. Task 2 develops the full warehouse design, including source-system identification, a star-schema model, departmental data marts, ETL planning, and data-governance considerations. Together, these tasks present a comprehensive solution that will improve decision-making, reporting accuracy, operational efficiency, and long-term organisational growth.
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[bookmark: _Toc1213126313]Introduction   

Rags’n’Riches Ltd is a long-established costume and prop hire company operating six specialised UK warehouses. Although the organisation has functional systems for orders, transport, inventory, and finance, these systems run independently and provide limited visibility across the business. As the company prepares for increased demand from the growing UK film sector, senior management requires a modern information environment that supports integrated reporting and strategic analysis. This section explains the role of data warehousing, how it differs from the company’s current OLTP systems, and how it can provide reliable, consolidated insights to improve decision-making, profitability, and operational efficiency across all warehouse locations. The second stage of the proposal outlines a complete data-warehouse design for Rags’n’Riches Ltd. It identifies the internal and external source systems feeding the warehouse, presents a suitable star schema using facts and dimensions, and defines targeted data marts for key departments. The section also summarises the ETL processes required to prepare and load data and highlights key data-quality and governance considerations necessary for reliable ongoing operation.













[bookmark: _Toc681073705]Task 1 

[bookmark: _Toc804818303]1.1 OLTP vs Data Warehouse
Rags’n’Riches currently depends on Online Transaction Processing (OLTP) systems to manage daily operations. OLTP databases are designed to support high-volume, real-time transactions such as rental bookings, delivery scheduling, and inventory updates. The relational framework provides support for data normalization, which helps to reduce the amount of redundant data and improves the integrity of the data Gath ae al, (2024). Such structures optimise writing and updating operations and are therefore suitable for the transactional needs of warehouse staff, drivers, and administrative personnel.
A Data Warehouse (DW) serves a different purpose. A DW is the process of obtaining data from several sources for better reading and writing Ayyavaraiah et al (2023). This aids the consolation of disparate date sources to reduce stress of the production system Gath et al (2024). Whereas OLTP systems answer questions such as, what items were dispatched today, a DW answers questions such as which costume categories generated the highest annual revenue across all warehouses or how have transport costs changed over the past five years.
For Rags’n’Riches, the existing OLTP systems would remain responsible for operational data capture. However, the addition of a DW would allow senior management to analyse organisational performance across sites, identify profitable product categories, assess demand fluctuations, and refine logistic planning. The primary advantage for the CEO lies in improved decision-making capability, based on consistent, consolidated, and historical data rather than isolated snapshots from each individual system. 
                                                                                                                                  
 
[bookmark: _Toc916501963]1.2 Data Warehouse Architecture and ETL
A conventional data warehouse adopts a three-tier architecture containing (1) source systems, (2) the staging and ETL layer, and (3) the presentation layer used for analysis. This architecture, illustrated in Figure 1, The ETL (Extract, Transform, and Load) is essential for data integration. In the past two decades, modeling the ETL process became a priority for effectively managing information Walha et al (2024). It separates operational processing from analytical workloads so that management reporting does not interfere with daily rental, transport, or finance activities.
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[Figure 1, ETL layer]


[bookmark: _Toc140421931]Source Layer
The source tier includes internal databases for orders, inventory, transport management, finance, and human resources, together with external data sources such as fuel price feeds, vehicle cost databases, and customer demographic information. For Rags’n’Riches, these systems record rental bookings, staggered hire periods, vehicle mileage, driver activity, and invoice payments. They continue to operate independently, but selected data from each system is periodically extracted and fed into the warehouse. This approach preserves the integrity of existing OLTP applications whilst providing a richer integrated dataset for analysis.
[bookmark: _Toc732123956]Staging and ETL Layer
The ETL (Extract, Transform, Load) process is central to the creation of a data warehouse. During the extract phase, operational data are copied from source systems into a temporary staging area. During transformation, these data are cleaned, standardised, validated, and integrated. Examples include harmonising date formats, standardising rental-item identifiers across warehouses, resolving duplicate customer records, and deriving new values such as total rental cost, delivery mileage, or fuel cost per kilometer. Business rules, for example, how to treat emergency surcharges or partial returns, are applied consistently at this stage. Finally, the load phase transfers the prepared data into fact and dimension tables within the DW. ETL could run on a scheduled basis, nightly or during other off-peak windows, ensuring that daily operations continue uninterrupted. Complexities of ETL procedures, the rigorous pursuit of data quality, and the vast variety of data sources present in the modern data environment Khan et al (2024).
Only incremental changes since the last run need to be processed, further reducing any performance impact on live systems.

[bookmark: _Toc279426027]Presentation Layer
The presentation tier consists of the core DW storage. Multilevel analysis in utilizing OLAP tools can assist easy access to specific information from process warehouse dimensions almost instantly, Roozbahani et al (2025). For Rags’n’Riches, this layer would provide views for finance, sales and marketing, and operations management, allowing users to explore data by warehouse, costume category, customer type, or period without direct access to operational databases. As shown in Figure 2, the architecture therefore offers a controlled and efficient route from raw operational data to reliable, decision-ready information for the board.
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[Figure 2, Source systems]
[bookmark: _Toc1321059790]1.3 Data Marts for Managers
A data mart is a subset of the enterprise DW designed to serve Real-time dashboards for stakeholders to monitor key performance indicators (KPIs), such as export volumes, commodity values, and transaction frequencies, for immediate insights for proactive management Putra et al (2025). Although all data originate from the central warehouse, each mart presents information in a tailored form to improve clarity, performance, and relevance. For Rags’n’Riches, three primary directors require such focused analytical views.
Finance Director
A Finance Data Mart would consolidate all financial data relating to rental revenue, discounts, surcharges, asset depreciation, delivery charges, repair costs, and stock write-offs. This department requires clarity and precision. The mart would enable analysis of monthly profitability, identification of the most profitable costume sets or props, and understanding of cost trends such as rising transport expenditure due to fuel price changes. It would also support monitoring of outstanding invoices from large clients and evaluation of return-on investment for new acquisitions.
Sales and Marketing Director
The Sales and Marketing Data Mart would integrate rental histories with customer data and item categories. This mart would support analysis of customer behaviour, seasonal demand, popular costume types, and uptake of emergency rental services. It would also help identify which client types such as independent filmmakers, theatre groups, or major studios, generate the highest income. These insights would inform promotional strategies, pricing models, and decisions about expanding specialist stock in particular warehouses.
Managing Director / Operations Leadership
The Operations Data Mart would provide cross-departmental insight into warehouse efficiency, driver performance, mileage patterns, vehicle utilisation, and delivery reliability. It would connect transport, stock movement, and warehouse activity data to optimise internal logistics. The Managing Director would be able to monitor overall operational health, compare productivity across warehouses, and identify long-term improvement opportunities.
These data marts, illustrated in Figure 3, draw upon shared conformed dimensions to ensure that all departments work from a consistent version of the truth. Each director therefore receives targeted and accurate data without losing the broader organisational perspective.
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[Figure 3, ETL flow]

[bookmark: _Toc670704694]1.4 Normalised vs Dimensional Modelling
Traditional OLTP systems employ normalised relational models in which data are organised into multiple small tables to reduce duplication. OLTP analyses architectural patterns that enable high-performance transaction processing, from normalization strategies in concurrency control mechanisms, in exploring industry-specific implementations Krishnakuma et al (2025). This structure is therefore unsuitable for analytical workloads that involve large scans, grouping, and trend evaluation.
Data warehouses use dimensional modelling, defining, a new algorithm that generates a star schema based on an already defined set of functional dependencies Rabuzin et al (2025)  . Consisting of fact tables and dimension tables, usually represented in a star schema. Fact tables contain numeric, measurable data, such as revenue, rental duration, and delivery distance, while dimension tables describe contextual attributes such as items, warehouses, customers, employees, and dates.
For Rags’n’Riches, a central Fact Rental table would record each rental transaction with measures such as total cost, discount, daily rate, surcharge, and rental duration. Surrounding dimension tables would describe the rented item, the customer, the warehouse fulfilling the order, the employee processing the rental, and the relevant time. This structure, shown in Figure 4, enables intuitive analysis. Managers could, for example, calculate revenue per warehouse, compare historical performance, or examine demand by costume category with minimal query complexity.
Dimensional modelling therefore resolves the limitations of OLTP for analytical reporting and provides a structure optimised for decision-support activities.
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[Figure 4, Rental Star Schema]

[bookmark: _Toc1315882899]Task 2


[bookmark: _Toc1426624627]2.1 Internal and External Source Systems 
Rags’n’Riches draws data from several internal operational systems. The Orders System provides rental bookings, staggered rental periods, discounts, and surcharges. The inventory, warehouse system contributes stock levels, item categories, damage reports, and repair information. The transport management system supplies mileage, routes, fuel usage, and vehicle information figure 5. The Finance System provides invoices, payment records, write offs, and revenue summaries, while the HR System records staff roles, checks performed, and team assignments.
External sources include fuel-price feeds, which influence transport surcharges; supplier catalogues that support acquisition cost analysis; and demographic datasets used by Sales and Marketing to target specific customer groups.
These internal and external systems collectively populate the data warehouse through a controlled and scheduled ETL process.

[bookmark: _Toc239898571]2.2 Star Schema Design 

The proposed star schema for Rags’n’Riches is designed to integrate rental, transport, and inventory processes in a consistent dimensional model suitable for analytical querying. Conformed dimensions ensure that all fact tables share common descriptive structures, enabling cross-departmental reporting and unified business intelligence.

[image: ]
                                                        
[Figure 5, Transport Star Schema]

Fact Tables
Fact Rental
Grain: One record per item per rental order.
Metrics: rental days, rental cost, discounts, surcharges, delivery charges, emergency fees, number of items hired.
Fact Transport
Grain: One record per delivery or collection event.
Metrics: distance travelled, driver hours, fuel usage, mileage cost, number of items transported.
Fact Inventory
Grain: One record per item check-in/check-out inspection.
Metrics: damage status, repair costs, inspection outcomes, write-off value.
These fact tables enable measurement of financial, operational, and stock-management performance across all six warehouses.



Dimension Tables
Item
Item ID, item description, category e.g, militaria, pantomime, specialist, common-core flag, home warehouse, daily rental cost.
Warehouse
Warehouse ID, address, region, warehouse specialisation, pantomime, militaria, etc.
Customer
Customer ID, customer name, customer type, film studio, community theatre, production company, region, business size.
Time
Day, week, month, quarter, year, fiscal year.
Employee ID, role driver, warehouse operative, acquisitions staff, department, assigned warehouse.
Vehicle route
Vehicle ID, vehicle type, fuel type, capacity, average fuel consumption, route bands.
These dimensions enable flexible slicing, such as analysing revenue by warehouse, item category, or customer group.
Master Data, Metadata, and Aggregates
Master Data Tables
These tables store consistent identifiers and attributes for customers, items, employees, and warehouses. They ensure that all systems refer to the same entity definitions, reducing duplication and improving data governance.
Metadata Repository
This component stores data-lineage information, definitions of fact and dimension tables, ETL schedule details. This focuses on the technical aspects of pipeline design, transformation logic, and operational considerations, such as fault tolerance and monitoring. It ensures transparency and auditability across all layers Krishnakumar et al (2025).
Aggregate Tables
Monthly, quarterly, and annual aggregates e.g., revenue by warehouse, fuel cost by vehicle, average rental duration by category, improve reporting speed on dashboards by reducing the need for repeated summarisation.
The full star schema therefore provides a unified architecture supporting key performance indicators such as:
• revenue per warehouse
• average rental duration per item type
• transport cost per mile
• profitability per customer category
• inventory loss and write-off trends
It is scalable and capable of supporting future growth as the company expands its stock and client base.

[bookmark: _Toc758232498]2.3 Identification of Data Marts 
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[Figure 6, Transport Star Schema]


Based on the requirements of senior management, three departmental data marts are recommended: Finance, Sales & Marketing, and Operations. These marts extract subsets from the central DW and use shared conformed dimensions to ensure consistency across departments.


Finance Data Mart
Fact tables: Fact rental, Fact inventory
Dimensions: Time, warehouse, item
Purpose:
• monitor rental revenue
• track repair and write-off costs
• analyse depreciation of high-value items
• support cash-flow forecasting and invoice reconciliation
This mart supports the Finance Director in evaluating profitability and long-term investment planning.
Sales & Marketing data mart
Fact tables: Fact rental
Dimensions: Customer, Item, Time, Location, from Warehouse dimension.
Purpose:
• identify demand trends for costumes and props
• segment customers by industry, region, and purchasing behaviour
• evaluate effectiveness of promotional campaigns
• analyse seasonal rental patterns
This enables data-driven promotional strategies and market-expansion planning.
Operations Data Mart
Fact tables: Fact transport, Fact inventory
Dimensions: Employee, warehouse, vehicle, time
Purpose:
• monitor driver performance and delivery reliability
• optimise warehouse throughput
• assess vehicle fuel consumption
• predict workload distribution across warehouses
These three targeted marts provide focused insight while maintaining a unified organisational perspective.

[bookmark: _Toc2111433782]2.4 Simplified ETL Plan 
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[Figure 7, Data Quality and Governance]


The ETL process for Rags’n’Riches follows a structured nightly schedule to avoid interrupting daily operations. During Extract, rental, transport, finance, and HR data are pulled from OLTP systems, while external data such as fuel prices and demographic information are imported. During Transform, data are cleaned, validated, and standardised; item codes are reconciled; duplicates are removed; and derived fields such as total rental value and cost per mile are calculated. Finally, during Load, dimensions are inserted or updated first, followed by fact tables using incremental loading to prevent duplication. This controlled ETL cycle ensures consistency, accuracy, and timeliness across the DW.



[bookmark: _Toc952790063]2.5 Data Quality and Governance Issues 
Data quality risks include inconsistent item identifiers, duplicate customer accounts, missing cost values, and inaccurate mileage entries. Robust governance is therefore required, including validation rules, audit trails, data-quality monitoring, and role-based access controls. Compliance with ISO 8000 standards ensures structured data management, while GDPR safeguards apply to customer and employee information. These measures maintain trustworthiness and legal compliance throughout both ETL processes and DW operations.



















[bookmark: _Toc1766339475]Conclusion

Rags’n’Riches Ltd currently operates with fragmented systems that limit visibility across warehouses and restrict the organisation’s ability to make informed strategic decisions. Implementing a data warehouse provides a unified analytical environment that consolidates rental, transport, finance, and operational data into a coherent structure. Through integrated architecture, automated ETL processing, and dimensional modelling, the system improves data consistency, enhances reporting accuracy, and supports advanced analysis. The inclusion of targeted data marts ensures that each department receives information aligned with its operational priorities, strengthening decision-making across the business. By adopting this solution, Rags’n’Riches will gain improved efficiency, clearer oversight of performance, and a scalable foundation for future growth within the increasingly competitive film and theatre support industry.
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