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Introduction
Organisations rely on both data warehouses and Online Transaction Processing (OLTP) systems to address specific operational and analytical needs in today's data-driven economy. OLTP systems oversee quick, real-time transactional workloads, guaranteeing data efficiency and integrity for routine tasks like donation processing, scheduling, and listener interaction. Data warehouses, on the other hand, compile historical and topic-specific data to facilitate sophisticated analytical queries, strategic planning, and decision-making. Designing a data architecture that maximises both operational efficiency and analytical insight requires an understanding of the distinctions between these systems as well as the function of ETL procedures, source systems, and dimensional modelling.

[bookmark: _Toc223950446]Comprehending Online Transaction Processing
Fast, real-time transactional workloads, such updating listener records, handling donations, or recording streaming sessions, are supported by OLTP systems. To guarantee data speed and integrity, they employ highly normalised schemas. OLTP is perfect for routine radio tasks like scheduling or membership maintenance since it is built for short, straightforward queries and high concurrency.
Modern educational sources highlight this difference between analytical systems and OLTP, pointing out that data warehousing facilitates decision-making while OLTP manages "everyday business transactions."[1]

[bookmark: _Toc223950447]Comprehending Data Warehouses
A central repository for integrated, historical, and subject-oriented data used in analytics is called a data warehouse (DW). In contrast to OLTP, DWs support sophisticated analytical queries across massive datasets and employ denormalised schemas. Strategic planning, reporting, and long-term trend analysis all depend on them.

According to recent research, OLTP and OLAP/DW systems have "distinct purposes" and are unable to effectively manage both transactional and analytical workloads at the same time.[2]

	OLTP vs. Data Warehouse (Comparison)
	OLTP
	Data Warehouse

	Goals

	Tasks related to operations

	Strategic analytics

	Data
	Current, real‑time
	Historical, aggregated

	Schema
	Normalised
	Denormalised

	Queries
	Short, simple
	Long, complex

	Users
	Staff, operators
	Analysts, managers [3]




A Data Warehouse's Advantages for Recovery Radio
Recovery Radio's capacity to manage listener interaction, make data-driven decisions, and streamline operations would all be greatly improved with a data warehouse.
Integrated Analytics to Improve Decision-Making
A DW compiles information from:
· Platforms for streaming
· Social media
· Demographics of listeners
· Systems for fundraising
· Performance of the program [4]



Effectiveness of Operations
Analytics and OLTP separation:
· lessens the strain on running systems
· enhances the functionality of the system
· makes automatic reporting possible.[4]


The ETL process, source systems, and data warehouse architecture
The structural basis for integrating, storing, and analysing organisational data is provided by a data warehouse architecture. According to Oracle, a data warehouse is a system created especially for analytical processing, allowing businesses to segregate analytical workloads from transactional operations and combine data from many sources. The warehouse is crucial for long-term reporting and business intelligence since this division guarantees that analytical queries do not impede daily operational performance.[5]

Systems of Origin in a Data Warehouse Setting

Every piece of data that enters the warehouse comes from source systems. Operational databases, cloud apps, third-party APIs, and flat files are a few examples of these systems. ETL pipelines usually connect to several source systems and extract data in structured or semi-structured formats before preparing it for analytical use, according to SQL Shack. There are two types of these systems: internal and external.[5]


Systems of Internal Source
Systems of Internal Source
The operational technologies utilised in Recovery Radio's day-to-day operations make of internal systems. High-volume transactional data reflecting real-time processes is produced by these systems. Examples consist of:
· Program schedules and playlist logs are stored by broadcast management systems.
· Platforms for audience engagement, like song request systems
· CRM and ERP systems are examples of enterprise applications.
· CSV and Excel spreadsheets are examples of flat files.
· Data Camp emphasises that to offer long-term analytics and reporting, internal systems frequently generate structured, high-velocity data that needs to be merged into a warehouse.[6]


· Systems of External Sources
Internal datasets are enhanced by additional data from external systems. The value of outside sources increases as Recovery Radio grows. Among them are:
· Chart rankings and other music industry datasets
· Analytics on social media that record listener sentiment
· Market research studies that provide demographic information
· Third-party streaming services that offer information about listener habits
· External data frequently arrives in mismatched formats, according to Airbyte, and must be cleaned and validated before being integrated into the warehouse.[7]

ETL-Based Data Warehouse Architecture
In a typical data warehouse design, multiple levels control the data flow from source systems to end-user analytical tools. The data source layer, staging area, ETL layer, data warehouse repository, and presentation layer are typical examples of these layers. Organisations can combine data from several operational systems into a centralised analytical environment thanks to these structures. In order to improve processing and storage capacity as data volumes rise, modern architectural models place a strong focus on modularity and scalability [8], [9].
Recovery Radio's design makes it easier for data to move from operational systems to management's analytical dashboards. The ETL process plays a major role in ensuring that data entering the warehouse is correct, consistent, and compliant with business requirements. ETL pipelines assist businesses in combining disparate data sources while preserving analytical system control and dependability [8].


The ETL Procedure
The ETL (Extract, Transform, Load) process is the primary technique used to get data ready for analysis. It ensures that data from multiple sources will be standardised and integrated into a single repository. Because it oversees data integration, transformation, and quality control prior to analytical processing, research indicates that ETL is an essential part of data warehousing [10].


Extraction
Gathering data from internal and external source systems and moving it to a temporary staging area is known as data extraction. This phase ensures that operational systems are not impacted by analytical workloads. According to studies, depending on the needs of the business and the amount of data being processed, extraction can be carried out utilising complete loads, incremental loads, or real-time data streams [11].

To prevent interference with live broadcasting systems, Recovery Radio extracts playlist logs, listener interactions, and CRM records into a staging environment. This strategy guarantees that operational performance is unaffected by analytical procedures.

Transformation
· Transformation is the most difficult stage of the ETL process. In accordance with established business standards, data is cleaned, verified, standardised, and integrated during this phase. Typical transformation tasks consist of:
· Removing duplicates and fixing discrepancies
· Standardising standards like genre categories and date/time
· Combining datasets from various sources
· Using business logic (e.g., determining listener engagement scores)
· According to academic research, the transformation phase enhances data quality and guarantees that data kept in the warehouse is appropriate for trustworthy
analytics and reporting [12]. 
This stage guarantees that Recovery Radio can compare and analyse data from playlists, social media activity, and market research datasets in a consistent manner.

The loading

Loading is the last step, which entails adding the converted data to the primary data warehouse repository. Either a complete initial load or sporadic incremental updates that just add new or updated records can be used for loading. According to research, timing ETL loads during off-peak times can help maintain steady system performance and minimise system resource use [10], [13].

After loading, verification tests are usually used to make sure the data has been transported correctly and to guarantee referential integrity. The loading procedure for Recovery Radio guarantees that managers may obtain current data on donor activity, program performance, and listening habits without interfering with live broadcasting systems.

Data Marts for Specific Management Data
Data marts are specialised subsets of a data warehouse created to meet the analytical requirements of organisational divisions. Data marts offer a targeted view of pertinent information designed for specific company tasks like finance, marketing, or operations, in contrast to a central data warehouse that holds enterprise-wide data. Data marts facilitate quicker query performance and give managers access to valuable insights without having to navigate the entire warehouse environment by arranging data in a subject-oriented structure [14], [15].
Data marts can help various management jobs at Recovery Radio Ltd. by providing specific analytical information. For instance, the finance department may utilise a Finance Data Mart to track royalties paid to music licensing companies, assess earnings from advertising campaigns, and keep an eye on operating expenses. In a similar vein, the programming staff can use a Programming Data Mart to assess program performance across various hospitals or broadcast channels, identify popular music genres, and study listener engagement patterns. Each department can make well-informed judgements based on precise and pertinent facts thanks to these targeted datasets [16].
Dimensional modelling, in which fact tables hold quantifiable events and dimension tables offer descriptive context, is commonly used to generate data marts from the central data warehouse. This structure streamlines reporting procedures and increases the effectiveness of analytical queries. Dependent data marts, which are constructed directly from a central warehouse, also guarantee that all departments rely on integrated and consistent data, avoiding disparities between reports produced by various teams [17]


Normalised vs. Dimensional Structure and Star Schema
Selecting the right data structure for storing and accessing big datasets is crucial to data warehouse design. Normalised (OLTP-style) structures and dimensional (OLAP-style) structures are two popular methods. When building a data warehouse to enable analytics, reporting, and departmental data marts, it is essential to comprehend the distinctions [18].
Normalised Organization
To reduce redundancy and preserve data integrity, normalised structures—which are frequently utilised in OLTP systems—store data in several linked tables. Foreign keys are used to maintain relationships between entities, and each table usually represents a single entity. Normalisation guarantees consistent updates and saves store space, but it is not the best option for analytical queries. Complex joins, sluggish query speed, and ineffective reporting can result from aggregating data over several tables [19]. For instance, it would be computationally costly to combine numerous transactional tables to track the entire playtime of a specific song across several hospitals in an OLTP system.
Dimensional Organization
Dimensional structures, on the other hand, are intended for analytical analysis. They divide the data into dimension tables, which offer descriptive context for analysis, and fact tables, which include quantitative measures. Because it minimises complicated joins and enables quick data aggregation and slicing, this model is highly suited for query performance. Dimensional modelling also simplifies reporting and enables the creation of data marts tailored to departmental needs [20], [21].
Star Schema
The most popular dimensional modelling method is the star schema. A star schema is shaped like a star, with linked dimension tables encircling a core fact table. Attributes that characterise the facts, such as time, program, track, or advertising information, are included in each dimension table. While dimensions collect descriptive information like song title, artist, genre, program time, and hospital location, the fact table for Recovery Radio Ltd. might hold quantifiable events like song play counts, revenue, and royalties. This architecture lowers complexity, facilitates quick analytical queries, and increases the effectiveness of reporting across several departments [16], [17].
Recovery Radio can combine operational and external data into a logical analytical framework by using a dimensional structure with a star schema. It guarantees consistent, trustworthy insights for management decision-making, improves query efficiency for BI tools, and makes departmental data marts easier to create [19], [20].



Development Plan for the Suggested Data Warehouse Solution for Recovery Radio
2.1 Identification of the Source System
To facilitate analytics, reporting, and operational decision-making, DHL's new data warehouse will combine data from several internal and external platforms. Internal sources include the Transportation Management System (TMS) for routing and delivery performance, the Order Management System (OMS) for tracking shipments and customer orders, the Warehouse Management System (WMS) for inventory levels and storage activities, and financial systems for invoices, payments, and cost analysis. External sources include third-party shipping and customs databases, partner logistics networks for tracking shipments across companies, and client portals that offer information on consumer interactions and feedback. DHL can maximise supply chain efficiency and customer service by combining various sources into the data warehouse, which guarantees a centralised, accurate, and consistent repository that enables executive dashboards, operational KPIs, and strategic decision-making [22], [23].
Star Schema Design
A dimensional star schema is the best design for DHL's data warehouse in order to facilitate analytical queries and reporting on financial indicators, operational performance, and logistics. A star structure ensures fast query efficiency and straightforward reporting by separating fact tables, which include quantifiable occurrences, from dimension tables, which offer descriptive context [24], [25].
Central Information Tables

Fact_Shipment: Individual shipping occurrences are kept in this main fact table. Shipment weight, delivery time, shipping cost, income, delay time, and returns are important metrics. Dimensions like clients, packages, means of transportation, and time are linked to by foreign keys.

Fact_DeliveryPerformance: This table compiles important operational indicators at several levels of detail, including daily, weekly, and monthly performance. The percentage of on-time deliveries, average travel time, cost per delivery, and total shipments processed are among the metrics. Executive dashboards and KPI tracking are supported by aggregation without being overloaded with specific shipping data [26].
Tables of Dimensions

Client ID, firm name, contact information, service level agreements (SLAs), and geographic location are all stored in Dim_Client. This makes it possible to analyse client segment-specific revenue, shipping volume, and service quality.

Dim_Package: Gathers information about a package, including its ID, weight, dimensions, type, declared value, and priority level.

Dim_Vehicle: Contains the vehicle ID, type (truck, van, aeroplane), capacity, and maintenance schedule for DHL transport vehicles.

Dim_Location: Contains information on the origin, destination, and intermediate hub locations, including postal code, city, region, and country.

Dim_ServiceType: This metadata table, which enables segmentation and comparison among service offerings, describes the type of shipment service (express, standard, freight, international).

Dim_Time: This standard time dimension allows trend analysis and period-over-period comparisons by supporting analysis by day, week, month, quarter, and year.
Summary and Aggregate Tables
Aggregate tables store precomputed metrics to increase reporting efficiency. Aggregate_MonthlyDelivery, for example, provides a monthly summary of total shipments, average transit time, on-time delivery percentage, and total income for each client, service type, and location. For dashboards and management reporting, these tables shorten query execution times [25], [27].
Master Data and Metadata Integration
Clients and cars are examples of master data that guarantee descriptive characteristics are the same in every fact table. Service kinds, SLA levels, and shipping rules are examples of metadata tables that offer a framework for analytical queries that support precise and relevant reporting. For instance, linking a shipment to its SLA guarantees that performance measures, such as cost per SLA category or delivery delay, may be efficiently tracked.
Schema Advantages for DHL
Several analytical use cases for DHL are supported by this star schema, including
· Operational Analysis: Tracking delivery delays, hub performance, and truck utilisation.
· Customer analysis is the process of assessing revenue, service quality, and shipment volume by customer or area
· Financial Analysis: Combining shipping earnings, expenses, and profitability from many locations and service categories.
· Strategic planning includes demand forecasts, fleet allocation optimisation, and the identification of underperforming routes.
· A versatile, scalable, and high-performing architecture is provided by the dimensional structure with centre fact tables and surrounding dimensions. Dashboards, reports, and data marts for finance, operations, and senior management can use it because it supports aggregate analysis and allows for comprehensive event-level data [24], [26].

Data Marts and Schema
DHL's data warehouse can be separated into subject-oriented data marts, each of which focuses on particular business functions, to assist departmental decision-making. Data marts give departments like Finance, Operations, and Client Services with customised analytical datasets by extracting pertinent subsets from the central warehouse [27], [28].

Finance Data Mart: Transaction ID, shipment cost, revenue, discounts, and tax information are among the financial facts and related dimensions that are contained in this mart. Revenue may be analysed by client, service, region, and time thanks to dimension tables like Dim_Client, Dim_Time, Dim_ServiceType, and Dim_Location. Budgeting and profitability analysis are supported by aggregated metrics including monthly revenue, cost per shipment, and profit margins [29].

Operations Data Mart
 Designed to track logistics performance, this mart contains shipment-level information including truck usage, delivery duration, and instances of delays. Dim_Vehicle, Dim_Location, Dim_Time, and Dim_ServiceType are examples of dimensions. In order to help operational optimisation and resource planning, aggregate tables provide a summary of weekly or monthly delivery performance, average transit times, and route efficiency [28], [30].


Client Services Data Mart
This mart offers information on complaints, customer interactions, and service-level compliance. While dimensions record customer profiles, time, and service types, fact tables cover shipment queries, returns, and SLA compliance. Managers can target service improvements and increase customer satisfaction by analysing indicators like complaint rates, average response times, and service-level performance [28], [30].
DHL guarantees that every department has quick, precise, and useful insights while keeping uniformity with the central warehouse by organising data marts using fact tables and pertinent dimensions. Throughout the organization, this design encourages effective reporting, KPI tracking, and strategic decision-making [29], [31].
Plan for ETL

To guarantee accurate, consistent, and analytics-ready data, a streamlined ETL plan for DHL describes data sources, transformations, and target tables.
	Target Table
	Source Systems
	Transformations

	Fact_Shipment
	OMS, TMS, WMS
	Eliminate duplicates, verify shipment IDs, standardise dates, and determine arrival time


	Fact_DeliveryPerformance
	OMS, TMS
	Compute the percentage of on-time delivery, aggregate daily metrics into weekly or monthly reports, and add SLA data.


	Dim_Client
	Client portals, OMS
	Clean addresses, standardise client IDs, and include segment and region information.


	Dim_Vehicle
	WMS, TMS
	Verify car IDs, standardise car models, and add capacity and status.


	Dim_Time
	System timestamps
	Take out the day, week, month, quarter, and year.


	Dim_ServiceType
	OMS, TMS
	Standardise service descriptions and codes.




After extracting data from operational and external sources, this ETL pipeline cleans, enriches, and aggregates it before loading it into fact and dimension tables. Timely analytics are supported and minimal disturbance to operational systems is ensured by planned batch processing and parallel extraction [32], [33].
Governance and Data Quality

During ETL and continuing warehouse operations, it is essential to guarantee data quality and strong governance. Accuracy (accurate shipment, customer, and financial data), uniformity between dimensions and fact tables, and adherence to legal requirements like GDPR are important factors to take into account. While audit logs monitor changes and ETL success, access control guarantees that only authorised workers can read sensitive information. The reliability and credibility of DHL's analytical outputs are maintained by the implementation of validation procedures, standardisation, and monitoring frameworks [1], [2].
In conclusion
Organisations like Recovery Radio and DHL may convert raw transactional and external data into actionable insights by putting in place a well-designed data warehouse with ETL pipelines, dimensional modelling, and targeted data marts. Separating OLTP and analytical workloads ensures operational systems remain efficient while managers gain timely, accurate, and comprehensive views for decision-making. Proper governance, data quality controls, and star schema design further enhance reliability and performance, enabling organisations to leverage data strategically for reporting, forecasting, and operational optimisation.
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