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This report focuses on how a data warehouse can be designed for DHL and how it would be implemented in practice, to support strategic decision-making and operational efficiency. As logistics operations generate large volumes of data across multiple systems, there is a growing need to consolidate this information into a unified analytical environment. The report explores key concepts including the distinction between OLTP systems and data warehouses, the architecture and ETL processes required for data integration, and the design of a star schema tailored to DHL’s operational needs. It also examines how data marts are used by different departments to analyze data and guide their decisions and discusses key considerations around data quality and governance. Together, these elements provide a comprehensive framework for transforming DHL’s fragmented operational data into actionable business intelligence.
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OLTP systems are responsible for handling daily business tasks. At DHL, platforms like WMS, TMS, and OMS handle tasks such as processing orders, tracking deliveries, and updating inventory, including order creation, inventory updates, shipment tracking, and delivery confirmations. These systems are highly optimised for speed, accuracy, and concurrency; however, they are typically process-specific and operate in isolation, resulting in fragmented data across the organisation.
In contrast, a data warehouse is a centralised system that combines data from different sources over time to support analysis and long-term decision-making [1]. It consolidates data from multiple OLTP systems, standardises it across regions, and stores historical information to enable advanced analytics. This allows DHL to perform complex queries, such as evaluating cross-regional performance, identifying operational bottlenecks, and analysing client profitability over time [2].
The key difference lies in their purpose: OLTP systems support operational efficiency through real-time transaction processing, whereas a data warehouse enables strategic insight through integrated and historical analysis. For DHL’s senior leadership, this distinction is critical, as it transforms fragmented operational data into a unified view that supports informed, data-driven decision-making.
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A data warehouse architecture brings together data from different operational systems into a single environment to enable analysis and support business decisions [1]. At DHL, data is produced by internal operational systems, including WMS, TMS, and OMS, as well as external sources including client portals, carrier systems, and financial platforms. These systems generate diverse datasets, including shipment tracking, warehouse activity, fleet performance, and financial transactions.
The architecture typically follows a layered structure consisting of source systems, a staging layer, and a presentation layer [1]. At the source layer, operational systems generate raw transactional data, which is extracted into a staging area for processing. During the transformation phase, data is cleansed, standardised, and integrated to ensure consistency across systems. Once the data has been processed, it is stored in the data warehouse, where it is structured to support analytical querying and historical analysis.
To support business decision-making, the data warehouse feeds into specialised data marts tailored to different departments. This dimensional approach enables faster, and more intuitive reporting aligned with business requirements [2].
The ETL process plays a key role in this architecture. Data is taken from operational systems, processed through validation and cleaning steps, and then stored in a structured format within the data warehouse for analysis [3]. Modern data warehousing architectures increasingly support scalable data integration and advanced analytics capabilities, enabling organisations such as DHL to derive insights efficiently from large and complex datasets [4].Crucially, ETL processes operate independently from transactional systems, often using incremental updates or off-peak processing. This ensures that operational performance is not affected while enabling continuous data consolidation for strategic use [4].


As illustrated in the diagram below, this architecture ensures scalability, data consistency, and a robust foundation for data-driven decision-making across DHL’s operations.
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Data marts are separate sections of the data warehouse created so that individual departments can work with the data relevant to them [4]. Unlike an enterprise-wide data warehouse, data marts focus on a single department or subject area, enabling faster access to relevant data and improving query performance. This targeted approach allows decision-makers to obtain timely insights without the complexity of querying the entire data warehouse.
For the managing director, an operations data mart can be created by combining data from WMS, TMS, and shipment tracking systems. This design of data mart would provide key performance indicators such as delivery lead times, order fulfilment rates, and operational efficiency across regions. By analysing these metrics, the managing director can identify bottlenecks and optimise logistics operations.
For the finance director, a financial data mart can be designed by combining data from Order Management Systems (OMS) with financial and cost-related data. This enables analysis of revenue, operational costs, and profitability across clients and regions, supporting budgeting and financial planning [2].
For the sales and marketing director, a customer-focused data mart can be created using order history, customer data, and external sources. This enables analysis of customer behaviour, demand trends, and service performance, supporting targeted marketing strategies and improved customer retention.
Data marts are typically implemented using dimensional modelling techniques, where data is organised into fact and dimension tables to support efficient querying and intuitive analysis [2]. By delivering tailored insights to each department, data marts transform DHL’s operational data into actionable intelligence for decision-making.
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Online Transaction Processing (OLTP) systems typically use highly normalised data structures to minimise redundancy and ensure data integrity [1]. In DHL’s operational systems, such as WMS, TMS, and OMS, data is organised into multiple related tables (e.g., shipments, customers, routes, inventory), with relationships maintained through primary and foreign keys. This design supports efficient transaction processing, as it reduces duplication and ensures consistency when handling frequent updates, inserts, and deletes.
In contrast, data warehouses use dimensional modelling, which is designed for analytical processing rather than transaction efficiency [2]. Dimensional models are usually organised as star schemas.
In this design, the fact table sits in the middle, with dimension tables arranged around it, where key values such as costs or quantities are stored. For example, this may include shipment volume, delivery time, and cost, while the dimension tables add context such as customer, location, product, and time.
For DHL, a star schema could include a Shipment Fact Table containing measures such as delivery duration and shipment cost, linked to dimensions such as Customer, Warehouse, Route, and Date. Unlike normalised OLTP structures, dimensional models are intentionally denormalised, reducing the number of joins required and enabling faster query performance for reporting and analysis.
The key difference lies in their purpose: normalised OLTP models prioritise data integrity and efficient transaction processing, whereas dimensional models prioritise query performance and ease of analysis. This distinction explains why data warehouses adopt a different design approach to support data-driven decisions [2]. The diagram below shows a star schema structure, where a central table is supported by surrounding tables that add further detail to the data.
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DHL’s data warehouse brings together information from both internal and external sources to give a complete view of its logistics operations. Internally, systems such as WMS, TMS, and OMS generate data related to inventory, transport activities, and customer orders. These systems capture key operational processes, including stock movements, delivery routing, and order fulfilment. Financial tools also contribute data related to costs, billing, and revenue, enabling profitability analysis across operations. External data sources include client portals, which capture customer interactions and order requests, as well as third-party carrier systems that provide shipment tracking and delivery status updates. Additional external datasets, such as geographic or market data, may also be incorporated to enrich operational insights.
Integrating these heterogeneous data sources into a central repository is a fundamental characteristic of data warehousing [4], enabling organisations to consolidate fragmented operational data into a consistent and reliable source of truth for decision-making [1].
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DHL’s data warehouse should be designed using a dimensional modelling approach centred on a star schema, as this structure is optimised for analytical querying and management reporting rather than transaction processing [2]. A star schema organises data so that the central table contains the main figures, and the surrounding tables provide the extra details needed to understand them [5].
For DHL, the primary fact table can be fact_shipments, where each record represents a shipment event. This table should contain foreign keys to the relevant dimensions together with quantitative measures such as delivery_time, cost, quantity, and, where appropriate, revenue, enabling analysis of operational performance and cost efficiency.
The schema should include several core dimension tables. A dim_customer table should store master data relating to clients, such as customer type, region, and sector, enabling analysis of shipment activity and profitability by customer segment. A dim_warehouse table should capture warehouse attributes such as site name, location, and region, supporting analysis of operational performance by fulfilment centre. A dim_route table should store origin and destination information, enabling route-level analysis of delivery performance and bottlenecks. A dim_date table should provide calendar attributes such as day, month, quarter, and year, which are essential for trend analysis and performance reporting over time. A dim_product table should capture product-related attributes such as product name and category, supporting analysis of shipment mix and demand [2].
To satisfy the requirement for master data, additional dimensions should be incorporated. A dim_vehicle table stores vehicle master data, including vehicle type, fleet category, and operating region, enabling fleet utilisation analysis. Similarly, a dim_service_type table stores metadata about shipment service levels, such as standard or express delivery, providing important descriptive context for evaluating service performance.
To support executive reporting, DHL should also include an aggregate fact table such as fact_monthly_delivery_performance. This table summarises metrics at a monthly level, including total_shipments, average_delivery_time, total_cost, and on_time_delivery_rate, grouped by dimensions such as date, warehouse, route, and service type. Aggregate tables reduce query complexity and improve performance for dashboard-style reporting [4].
Overall, this design provides both flexibility and analytical efficiency. The detailed fact table supports granular analysis, while aggregate structures support high-level decision-making, making the schema suitable for DHL’s operational and strategic requirements [2].
[image: ]In addition to the primary star schema centred on fact_shipments, a secondary star schema is implemented for aggregated reporting, with fact_monthly_delivery_performance supporting executive-level analysis.
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Within the data warehouse, data marts are created as dedicated areas for different departments to use their own data [4]. In DHL’s context, three key data marts should be implemented: operations, finance, and client services, each structured using dimensional modelling to support efficient analysis and decision-making [2].
The operations data mart focuses on logistics performance and is primarily built around the fact_shipments table. It integrates dimensions such as dim_warehouse, dim_route, dim_vehicle, dim_date, and dim_service_type. This mart enables analysis of delivery time, route efficiency, fleet utilisation, and warehouse performance, supporting operational optimisation and resource allocation.
The finance data mart supports cost and profitability analysis. It uses measures from fact_shipments (e.g., cost, revenue) and aggregated metrics from fact_monthly_delivery_performance. Relevant dimensions include dim_customer, dim_service_type, dim_route, and dim_date. This structure allows finance teams to analyse profit margins and monitor cost trends over time, supporting budgeting and financial planning.
The client services data mart focuses on customer behaviour and service quality. It combines fact_shipments data with dim_customer, dim_product, dim_date, and dim_service_type. This enables analysis of customer demand patterns, service usage, and delivery performance by client segment, supporting improved customer relationship management and targeted service strategies.
Overall, these data marts provide tailored analytical views while maintaining consistency through the centralised data warehouse architecture [2].
[bookmark: _Toc225493018]6 ETL Plan

This process integrates data from multiple operational systems into a structured analytical model [4]. Data is extracted from internal sources such as WMS (warehouse data), TMS (transport and route data), OMS (orders and customer data), and financial systems (cost and revenue data), as well as external sources such as client portals. During the transformation stage, data is cleansed to remove duplicates and inconsistencies, standardised across regions, and enriched by deriving new attributes such as delivery duration and service classifications [4]. Dimension tables (e.g., customer, route, vehicle) are populated first to ensure referential integrity, followed by loading the fact_shipments table [1]. Aggregation processes then generate the fact_monthly_delivery_performance table, enabling efficient executive reporting and trend analysis [1].
The ETL process for DHL’s data warehouse is illustrated below, showing the flow of data from source systems through staging and transformation into the data warehouse and aggregation layer.
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To keep DHL’s data warehouse reliable and secure, data must be accurate, consistent, and properly managed. During ETL, data must be validated for accuracy, completeness, and consistency through cleansing, standardisation, and deduplication processes [4]. Governance frameworks ensure data integrity, enforce data ownership, and maintain consistent definitions across systems [5]. Compliance with regulations such as GDPR is essential when handling customer data. Additionally, role-based access control and auditing mechanisms must be implemented to protect sensitive information and ensure secure data usage [6].

[bookmark: _Toc225493020]7 Conclusion
The proposed data warehouse solution provides DHL with a robust and scalable framework for integrating and analysing data across its logistics operations. By adopting a dimensional modelling approach and implementing a well-structured star schema, the organisation can efficiently support both detailed operational analysis and high-level strategic reporting. The inclusion of specialised data marts ensures that key stakeholders have access to relevant insights tailored to their functional needs, while the ETL process guarantees consistent and reliable data integration. Strong data quality and governance practices are also needed to keep the system accurate and secure. Overall, this design enables DHL to enhance decision-making, improve operational performance, and leverage data as a strategic asset.
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