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[bookmark: _Toc229599813]Task 1 – Data Warehousing and Business Application
1.1 [bookmark: _Toc229599814]– OLTP vs Data Warehousing
The company Rags’n’Riches currently relies on Online Transaction Processing (OLTP) systems to manage its business operations across its warehouses. OLTP systems are designed to process large volumes of transactions quickly and accurately while maintaining the consistency of the data [1]. In this case, the OLTP systems will support the operational activities. These include order entry, invoice generation, tracking deliveries and recording the movement of inventory between warehouses. These systems are often normalised, meaning the data is separated into multiple related tables to reduce data redundancy and enforce data integrity [2]. This structure is effective for operational processing but becomes less suitable for large scale analytics.
Contrastly, data warehousing is designed specifically for analytical processing and business intelligence over daily transactional activity [3]. A data warehouse stores integrated historical data collected from multiple operating systems and allows organisations to perform complex queries and trend analysis. For Rags’n’Riches, utilising a data warehouse will enable the management to analyse ling term rental trends, compare the profitability between the warehouses and monitor transport costs. Historical analysis [4] would also allow the company to predict seasonal demands for items such as the pantomime costumes or the militaria props. 
Implementing a data warehouse would provide significant benefits for this company. Analytical queries and management reporting could be carried out without effecting the performance of the operational OLTP systems. Consequently, this would improve decision making and provide management with accurate company-wide insights to support the growth and expansion of the company.
1.2 [bookmark: _Toc229599815]– Data Warehouse Architecture and ETL
A data warehouse architecture provides a centralised environment where data from multiple operational systems can be collected, integrated and analysed to support strategic decision making. For Rags’n’Riches, the architecture will consist of operational source systems, an Extract Transform Load (ETL) process, a central data warehouse and multiple departmental data marts for business intelligence [5]. Using this structure would allow the company to compartmentalise information form all six warehouse locations into one analytical platform while allowing the existing OLTP system to continue supporting the daily business operations. 
[image: Data Warehouse Architecture - Detailed Explanation - InterviewBit]
[bookmark: _Toc229599795]Figure 1 - Data Warehouse Architecture Diagram [6]
The internal source systems for the data warehouse would include the company’s orders database, delivery conformations, transport databases, billing and finance systems, acquisition records, damage reports and management systems. These systems generate large amounts of operational data in relation to rental activity, movement of stock, transport costs and customer ordering. External data could also be included in the warehouse system including distance calculation for delivery orders, fuel price information and any wider general information about the film and theatre industries.
The ETL process is responsible for transferring the data from operational systems to the data warehouse. In the extraction stage, the relevant information such as transport logs, inventory records and customer details would be collected from the source systems. The transformation stage would then clean aggregate and format the data before loading it into the warehouse [7]. This could include removing duplicate records, converting date formats, calculating total costs for discounts or delivery costs and standardising warehouse naming conventions. After transformation, the data would be loaded onto the warehouse using either a ‘full or incremental load’ [7] depending on the use case. 
[image: 3 Ways to Build An ETL Process | Panoply]
[bookmark: _Toc229599796]Figure 2 - Simplified ETL Process [8]
The ETL process would also operate separately from the company’s operational systems and would be schedules during low operational periods. This would ensure that large analytical queries would not affect the performance of the company’s day-to-day rental operations. This architecture would provide Rags’n’R	iches with an efficient platform for historical analysis and business intelligence.
1.3 [bookmark: _Toc229599816]– Use of Data Marts
Data marts are subject oriented subsets of a central data warehouse that have been designed to provide tailored reviews for specific departments or user groups within an organisation [9]. In this context, Rags’n’Riches data marts would allow different senior management to access pre-processed information without having to query the whole data warehouse. This improves performance, simplifies reporting and makes sure that each department can focus on the data which is the most relevant to their decision-making responsibilities whilst maintaining consistency with the wider dataset. 
For the Managing Director, their dedicated data mart would look at high level strategic performance across all six warehouses. This would include the total revenue, each warehouses profitability, delivery performance and long term rental trends across the multiple categories of props and costumes. By analysing this data, the managing director will be able to make informed business decisions such as expanding specific warehouse specialisations, investment into additional stock for any high demand items or optimisation of any underperforming locations. This supports the managing director’s role of long-term planning and anticipation of increased demand for the company’s services. 
The Finance Director would need a more financially focused data mart centred around cost control and profitability of the business. This would include elements such as invoice data, delivery/transport costs, any outstanding payments, stock write offs and any acquisition costs. This would allow detailed analysis of the company’s cash flow, identification of high-cost areas and monitorisation of customer purchasing behaviour. As a result from analysing these areas, the Finance Director could reduce any unnecessary expenditure and assess the financial impact of the logistics and marketing team’s decisions. 
The Sales and Marketing Director would need a data mart focused on the needs of the customer and rental behaviour. This could include information on the most frequently rented props and costumes, seasonal demand patterns, any repeat customer behaviour and the frequency of any emergency orders. This information would support targeted marketing campaigns, future stock acquisition plans to ensure that popular rented items are available at those times where the demand for them is the highest, and any promotional strategies.
Although every data mart in this case serves a different managerial function, all marts would be populated from the same central data warehouse. This would ensure consistency of the data across the organisation and allows all the department managers to make decisions based on accurate data. 
[bookmark: _Toc229599817]1.4 – Normalised OLTP Structure vs Dimensional Dara Warehousing 
OLTP systems that are being used by Rags’n’Riches are based on a normalised data structure. This is where the data is split into multiple related tables to maintain data integrity and minimise redundancy. An example would be customer details, rental orders, delivery records and inventory items would all be stored in different tables linked by foreign and primary keys [10]. This structure is well suited for general use transactions but becomes harder to use with the introduction of large analytical queries.
Contrastly, a data warehouse uses dimensional modelling which is designed specifically for fast querying and analytical reporting [11]. This structure uses fact tables and dimensional tables arranged in a star schema. The purpose of the fact table is to store quantitative business data, while the dimensional tables store context about that data. This model would then allow Rags’n’Riches to efficiently analyse business operations across multiple perspectives such as warehouse location, stock movements or delivery information. 
[image: ]
[bookmark: _Toc229599797]Figure 3 - Basic Rental Star Schema
For example, a fact table based around the rental of stock would be used to store key information such as revenue, discount costs, rental duration and rental costs. The dimensional tables that would surround this fact table would be regarding information based in items, warehouses, dates, customers and rental types. From this, managers could generate queries to see which warehouse generates the most profit, what items are the most frequently rented or how seasonal demands effect revenue.
The dimensional modelling and the use of star schemas will significantly improve query performance and usability for insights compared to a normalised OLTP structure, enabling the company to make better informed decisions as a whole.
[bookmark: _Toc229599818]Task 2 – Schema Design
[bookmark: _Toc229599819]2.1 – Internal and External Source Systems
In order to popularise the new data warehouse, the system would require the collection of data from both external and internal sources [12]. The internal operations form the company would generate large volumes of data relating to finance, inventory, transport and rentals. In this case, key internal data sources would include the orders database, transport management database, invoicing and financial information, and rental databases. 
External sources may include mapping and distance calculation data for the optimisation of delivery routes. Fuel price datasets could also be used as external data for logistic purposes and any government tax incentives related to film and theatre, especially productions made in Wales. Integrating multiple data sources through the ETL process would improve the reporting consistency, and long term decision making across the company. 
[bookmark: _Toc229599820]2.2 – Star Schema Design for Rags’n’Riches Data Warehouse
The data warehouse has been designed with a dimensional modelling approach featuring multiple fact tables and their corresponding dimensional tables. This approach has been selected to support the analytical process across the key business areas including rental operations, delivery orders and inventory movement between the six warehouses. 
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[bookmark: _Toc229599798]Figure 4 - Rags'n'Riches Full Schema
The primary fact table is called Fact_Rental. This fact table captures all rental activity across the organisation. This includes measures such as delivery costs, rental revenue, discount costs, rental duration, quantity rented and any emergency surcharges. The rental fact table is linked to the customer, item, warehouse, date and rental type dimension tables. These dimension tables provide the descriptive context, and allows for the analysis of customer behaviour, individual warehouse performance, item popularity and seasonal rental trends. The main focus of this fact table is to evaluate the profitability of the warehouses and client groups. 
The second fact table is called Fact_Transport. This table supports the analysis of delivery operations. The table records measures such as fuel costs, distance travelled, usage hours and delivery frequency. It is linked to the warehouse, customer, date and vehicle dimension tables, enabling analysis of transport efficiency, operational costs and overall delivery performance. 
The final fact table is called Fact_InvMovement. This captures the internal stock transfers, as well as damage incidents and reports if any. This is the smallest fact table, being linked to the item, warehouse and date dimension tables and shows the analysis of stock redistribution between warehouses. 
The dimension tables used across the fact tables act as master data [13] as they represent the core business entities. These include measures such as customers, rentals deliveries etc. These dimensions ensure consistency when reporting and provide a source of truth when querying [13]. 
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[bookmark: _Toc229599799]Figure 5 -  Rags'n'Riches Metadata Repository
In addition to the main schema, a metadata repository was included to provide descriptive information about how the data is collected, transformed and loaded into the data warehouse [14]. This includes tracking the data’ origin from other operational systems such as orders, financial or transport databases, as well as documenting how this data is processed during the ETL phase.
For Rags’n’Riches, the metadata records key operational details such as transformational rules applied to standardise data, ETL information and mapping between the data’s source systems and destinations. This is particularly important as the information is derived from multiple warehouse locations with potentially different update schedules. 
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[bookmark: _Toc229599800]Figure 6 - Rags'n'Riches Aggregated Data Tables
To improve query performance, the schema also includes aggregate data tables derived from the fact tables. The aggregate data table’s purpose is to store pre-calculated summaries of large volumes of data. This significantly improves system performance by reducing the computational load during reporting queries [15].
In Rags’n’Riches case, aggregated data is specifically important due to the large number of rental transactions, deliveries and internal inventory movements across all of their warehouses. Instead of querying individual records each time information is required, the system can use the aggregated summaries such as the monthly warehouse revenue, total transport costs or the total amount of damage incidents in a certain timeframe. 
[bookmark: _Toc229599821]2.3 – Data Marts and Extracted Schemas
The data warehouse for Rags’n’Riches supports multiple departmental data marts. These data marts would extract the relevant data from the relative fact and dimension tables using shared conformed dimensions [16], allowing the different departments to access simplified and more optimised vies without having to query the entire warehouse.
The finance data mart would be primarily derived from the Rental and Transport fact tables. It would include the company’s monetary information measures, such as delivery costs, fuel expenditure, emergency surcharges, rental revenue and any discounts. Supporting dimensions for this would be the date, customer and warehouse tables and enables the finance team to quickly view complete profitability, operational costs any client spending behaviour across the different warehouses at specified timeframes. 
The operations data mart would take data from the transport and inventory movement fact tables. This mart would focus primarily on transport efficiency, warehouse coordination and the movement of stock. Measures such as damage incidents, delivery frequency, fuel costs and transfer counts would be used, supported by the warehouse, vehicle, date and item dimensions.
Finally, the sales and marketing table would solely utilise the rental fact table, with dimensions such as Item, Date, Rental Type and Customer. This would allow analysis of topics including item popularity, seasonal trends and general purchasing trends. Using this mart would allow for strategising future stock acquisition and stock planning. 
By extracting subsets of the main warehouse data and focusing them on specific areas of the company, the reporting efficiency increases whilst integrity is maintained across the data warehouse.
[bookmark: _Toc229599822]2.4 – Simplified ETL Plan
The ETL process would extract data from different operational systems, transform the data for consistency, and then load it into the warehouse.
	Warehouse Table
	Source System
	Transformation
	Load 

	Fact_Rental
	Orders Database
	Standardise dates, calculate discounts, validate customer and item ID’s
	Central Data Warehouse

	Fact_Transport
	Transport and Fuel database
	Sum fuel usage, calculate distance driven, standardise warehouse identifiers
	Central Data Warehouse

	Fact_InvMangament
	Inventory store systems
	Standardise damage classifiers, validate item movement records
	Central Data warehouse

	Dim_Customer
	Customer records
	Remove duplicate entries, standardise names and regions
	Dimension table

	Dim_Item
	Inventory database
	Categorise items by warehouse and item type
	Dimension table

	Dim_warehouse
	Warehouse management system
	Standardise location and specialisation names 
	Dimension table

	Aggregate Tables 
	Fact tables
	Pre-calculate revenue, transport costs and damage summaries
	Aggregate data tables

	Metadata Repository 
	ETL process recordings 
	Record source systems, transform rules and execution times
	Metadata layer



This process would be scheduled during off peak operating hours to minimise the disruption to the company’s established OLTP systems. Validation checks would also be applied during the transformation stages to identify missing item identifiers, inaccurate transport data or any inconsistent naming before loading into the warehouse. Incremental loading techniques can also be applied to update only the newer changed records, further improving efficiency [17]. Using this approach ensured that the warehouse remains accurate and is capable of consistent analysis across all departments.
[bookmark: _Toc229599823]2.5 – Data quality and Information Governance Insights
There are several data quality and governance issues which must be addressed during the ETL and normal operations of the data warehouse. As data would be collected from multiple operational systems and warehouse locations, there would be inconsistencies present. One of which would be duplicate customer records in origin databases. Other inconsistencies include missing item identifiers or incorrect delivery information. Validation and standardization must be applied during the ETL process to maintain accuracy.
The company must also ensure that the correct governance policies have been implemented to control measures such as the control of data access and the ability to protect sensitive customer and financial information [18]. Regular data quality checks, and proper metadata management would ensure the warehouse remains reliable and complies with legal requirements.
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