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1. [bookmark: _Toc222410165]TASK 1: INTRODUCTION TO DATA WAREHOUSING AT DHL SUPPLY CHAIN

Large transaction volumes, warehouses spread across different continents, diversified clients and strict service level agreements make the DHL Supply Chain's logistics environment complex. Its daily operations rely on multiple systems to manage orders, inventory, transportation and financial transactions. While these systems are effective at supporting real-time operations, they are not designed to support strategic, cross-functional analysis. Data warehouses are specifically developed to support decision-making and analytical processing[1].
DHL continues to increase efficiency and reduce costs while improving customer service, for this reason there is an increasing need for integrated, historical and analytics-driven insights. In this section we introduce data warehousing and explain how it differs from operational systems, emphasising its importance as a decision-support tool for DHL Supply Chain senior management.
[bookmark: _Toc222410166]OLTP vs. Data Warehouse
DHL Supply Chain uses several OLTP platforms to run its operations. For example, WMSs track inventory like picking, packing and storage in distribution centres. Transportation Management Systems (TMS) manage route planning, vehicle allocation and delivery execution, while Order Management Systems (OMS) handle customer orders, confirmations and fulfilment status.

These systems are created to process real-time data and are designed to efficiently handle a large number of short, frequent transactions such as barcode scans, order updates and delivery confirmations; they maintain data integrity and minimise redundancy[2], [3]. OLTP systems store data in many separate tables to avoid duplication and maintain accuracy. While this design supports operational accuracy and speed, it has limits in performing complex analytical queries from multiple systems[4].

Unlike OLTP systems, which support real-time operational transactions, a data warehouse is designed for analysis and strategic decisions. It stores historical and aggregated data collected from multiple operational systems in the company. A data warehouse is designed so that managers can quickly analyse performance by client, region, service type, or time period without needing to combine data from multiple operational systems.
This allows the management to spot insights and trends from the newly combined data and make more educated business decisions.


[bookmark: _Toc222410167]Data Warehouse Architecture & ETL

A data warehouse architecture allows DHL Supply Chain to group and analyse all the data from its logistics network. Rather than replacing operational systems, the warehouse operates alongside them, providing a dedicated analytical environment. As shown in Figure 1, data is moved from operational source systems through an ETL process into a central warehouse, where it is accessed via Business Intelligence tools. This aligns with the widely accepted definition of a data warehouse as a central repository of information generated from multiple data sources, designed to collect and analyse historical information resulting from daily operation[5].
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Figure 1: Data Warehouse Architecture for DHL Supply Chain

This architecture combines DHL’s core systems, including WMS, TMS, OMS, finance, and fleet/GPS platforms. These generate daily data on stock movements, deliveries, routes, costs, and orders. External sources, such as fuel price data or regulatory datasets, can also be included to improve the analysis. By combining all these datasets, the management obtains a single, consolidated view of performance between regions, clients and service types.

As shown in Figure 1, data first goes through the ETL layer (Extract, Transform, Load). The ETL process is widely recognised as the core and backbone of the data warehouse architecture, accounting for up to 80% of the effort in data warehouse development projects[6]. During extraction, data is extracted from operational systems using planned batch or incremental operations that are designed to minimise any potential disruption on the system. In the transformation stage, data is cleansed, standardised and enriched. This means removing duplicates, aligning formats and deriving analytical metrics such as delay minutes, delivery cost, carbon emissions and SLA compliance indicators. This transformation step is essential because data extracted from source systems is raw and not directly usable, requiring cleaning and optimisation so that it can be converted into a consistent analytical format[5].

The transformation process often involves identifying and fixing mistakes, inconsistencies, and missing values and applying business rules to provide a relevant format for analysis. The processed data is validated in a staging area before loading into the dimensional data warehouse.
Finally, the integrated warehouse supports dashboards, KPI reporting and performance analysis through Business Intelligence tools. This architecture allows the management to monitor trends, identify inefficiencies and make informed strategic decisions without disrupting operational systems.

[bookmark: _Toc222410168]Data Marts for Management Decision-Making
A data mart is a smaller, focused part of a data warehouse built to support the needs of a specific department[7]. Instead of accessing all organisational data, managers use data marts that present only the measures and dimensions relevant to their role. Research shows that data marts are used not only in logistics and supply chain environments, but also in universities for analysing academic performance[8], in social media analytics for opinion analysis[9] and in event management systems[10]. In each case, the purpose is to provide department-specific insight while remaining consistent with the central data warehouse.
DHL Supply Chain can create separate data marts for the Managing Director, Finance Director and Sales & Marketing Director to support business decisions.
The mapping of departmental data marts, including their analytical focus, key metrics and core data sources, is shown in Table 1.

	Department
	Key Focus
	Primary Metrics
	Core Data Sources

	Managing Director
	Strategic performance
	On-time delivery %, SLA compliance, revenue trends
	Data warehouse (all marts), delivery performance fact

	Finance Director
	Cost control and profitability
	Delivery cost, fuel cost, revenue, budget variance
	Finance system, Fact_DeliveryPerformance

	Sales / Client Services
	Client performance and service levels
	SLA breaches, client revenue, service type distribution
	OMS, CRM, client dimension


Table 1: Data Mart Mapping by Department

The Managing Director data mart gives strategic supervision across the UK and logistics network. It uses data from the main delivery performance fact table, along with dimensions such as time, client, service type and location. Key indicators include on-time delivery rates, SLA compliance and revenue trends by region. This allows management to monitor the performance, compare regions and identify long term patterns that may require operational or investment changes.

The Finance Director data mart focuses on cost control and profitability analysis. It integrates financial system data with operational measures from the delivery performance fact table. Core metrics can include delivery cost, fuel cost and client revenue. By analysing profitability at client, route, or service level, the finance function can identify the factors the increases cost, monitor SLA penalties and support planning and budgeting processes. This provides visibility into which contracts or routes can increase profit margins.

The Sales and Marketing data mart concentrates on client performance and service levels. It combines order management data, client dimension data and SLA performance indicators. Key metrics include SLA breaches, client revenue trends and service type distribution. This mart allows account managers to monitor contract performance, identify underperforming service areas and support negotiations for new contracts with clients.
These data marts are used to give DHL's management organised and department-specific information while keeping data consistent through the shared company data warehouse.

[bookmark: _Toc222410169]
OLTP Normalisation vs. Data Warehouse Dimensional Modelling
Operational systems such as DHL’s WMS, TMS and OMS are designed using normalisation. In this structure, data is divided into multiple related tables to avoid duplication and maintain consistency. For example, customer data, shipment records and vehicle information are stored separately and linked through keys. This approach supports high transaction volumes and achieves a high level of operational accuracy.

However, normalised structures are not efficient for analytical queries. If management wants to analyse delivery performance by client, service type, region and time period, multiple tables must be joined together. This makes queries more complicated and slows down how efficiently reports are generated.

In contrast, a data warehouse uses dimensional modelling. Instead of separating data into many small linked tables, information is organised into fact tables and dimension tables. The fact table stores measurable performance data, while dimension tables provide descriptive context for analysis.
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Figure 2: Conceptual Illustration of a Star Schema for DHL Supply Chain Delivery Performance

In this model, the central Fact_DeliveryPerformance table stores measures such as delay minutes, delivery cost and SLA compliance. The surrounding dimension tables, including Dim_Time, Dim_Client, Dim_Service, Dim_Vehicle and Dim_Location_Origin and Dim_Location_Destination provide the context needed to analyse performance between different systems.
The main difference is that normalisation supports fast and accurate operational processing, while dimensional modelling is design for simplified reporting and strategic performance analysis. For DHL Supply Chain, this structure allows management to evaluate logistics performance quickly without complex multi-table joins required in OLTP systems.
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[bookmark: _Toc222410171]Source System Identification

The proposed DHL Supply Chain data warehouse integrates data from multiple operational and support systems to provide an enterprise level of analytical view of logistics performance. Core internal sources include the Order Management System (OMS), which captures customer orders, service types and fulfilment status. Then we have the Warehouse Management System (WMS), which records inventory movements and warehouse processing events. Then the Transportation Management System (TMS), which manages planning and execution data such as routes, carrier allocation and delivery milestones. Additional sources include fleet and telematics/GPS platforms for vehicle movement and timestamp data, electronic proof-of-delivery (ePOD) systems for delivery outcomes and finance systems for revenue, cost and penalty information.

[bookmark: _Toc222410172]Star Schema Design
In this section we propose a dimensional model (star schema) to support analytical reporting for DHL Supply Chain. In line with data warehousing practice, a central fact table is used to capture measurable logistics events, while surrounding dimension tables provide context for slicing and filtering performance by time, client, service, vehicle and location. This approach allows fast analytical queries and enables consistent KPI reporting between different departments. The design also incorporates master data, metadata and an aggregate table to improve usability and performance.

Fact Table: Fact_DeliveryPerformance
The central fact table captures measurable logistics performance indicators used to evaluate delivery efficiency and cost.

Measures include:
· DeliveryCount (set to 1 per record to enable totals)
· TransitTimeMinutes
· DelayMinutes
· DistanceKm
· DeliveryCost
· OnTimeFlag (binary indicator)
· SLABreachedFlag (binary indicator)

The fact table contains foreign keys linking to all analytical dimensions, allowing flexible reporting such as on-time rate by client, by service type, across regions, or over time.

Dimension Tables
The star schema includes the following dimensions:

Dim_Time (TimeKey) - Stores calendar attributes including date, day, week, month, quarter and year. This enables trend analysis and period comparisons.

Dim_Client (ClientKey) - Contains client master data such as client name, sector/industry and contract type. This supports profitability and SLA compliance reporting by client.

Dim_Service (ServiceKey) - Stores service attributes such as service type, priority level and handling type. This allows performance comparison across DHL service offerings.

Dim_Vehicle (VehicleKey) - Stores vehicle master data including vehicle ID, vehicle type, capacity band, carrier type, emission class and active status. This supports fleet utilisation and transport efficiency analysis.
Dim_Location (LocationKey) – Role-playing dimension

The Location dimension is used twice in the schema:
· Dim_Location_Origin
· Dim_Location_Destination

Location attributes include site name, city, region, country and site type (DC, hub, or customer). This enables route-based performance analysis, regional delay identification and hub/DC performance comparisons.

Master Data and Metadata
In the proposed dimensional model, master data is represented through the core dimension tables such as Dim_Client, Dim_Location, Dim_Vehicle and Dim_Time. These dimensions store stable descriptive data that is reused in reports. This allowes deliveries are categorised consistently and makes the system easier to maintain when reference details change.

The warehouse also maintains a metadata layer (“data about data”) documenting how warehouse fields are defined, sourced, refreshed and governed [11][12]. This metadata is stored in a separate administrative table and helps track where the data comes from, how it has been processed and whether it is accurate and up to date.

	DW_Metadata

	
	Metadata_ID (PK)

	 
	Table_Name (e.g., Fact_DeliveryPerformance, Dim_Client)

	 
	Column_Name

	 
	Data_Type

	 
	Source_System (e.g., OMS, WMS, TMS, ePOD)

	 
	Transformation_Rule (e.g. DelayMinutes calculation)

	 
	ETL_Process_ID (job identifier / pipeline name)

	 
	Last_Updated_Timestamp (most recent successful load time)

	 
	Data_Quality_Checks (validation rules applied, e.g., non-negative distance, timestamp order)

	 
	Data_Quality_Score (optional quality metric from the cleansing stage)

	 
	Schema_Version (for controlled evolution and change tracking)

	 
	Description (business meaning / reporting notes)


Table 2: Structure of the DW_Metadata Administrative Table

Aggregate Table for Performance
to speed up queries for dashboards and monthly reports an aggregae table is set up:
Agg_MonthlyDeliveryPerformance (derived from Fact_DeliveryPerformance)

	KEYS
	MEASURES

	· MonthKey (or TimeKey at month grain)
· ClientKey
· ServiceKey
· OriginLocationKey
· DestinationLocationKey
	· TotalDeliveries
· OnTimeRate
· AvgDelayMinutes
· TotalDeliveryCost
· AvgTransitTimeMinutes


Table 3: Example of an aggregate table

This aggregate table reduces the computational load for common executive queries by storing summary data, while the detailed fact table remains available for deeper investigation into individual shipments. This navigation from summarised to granular data is known as drill-down analysis, a technique that enables users to move through different levels of detail within reports and schemas to uncover the underlying patterns behind high-level trends[13].

Star Schema Diagram
Figure 3 illustrates the proposed star schema, where delivery events are stored in the central Fact_DeliveryPerformance table and analysed through shared dimensions including Time, Client, Service, Vehicle and Location. The Location dimension acts as a role-playing dimension representing both origin and destination, enabling route-based performance analysis. The aggregate table is shown as a derived structure supporting monthly reporting.
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Figure 3: Star Schema for DHL Supply Chain Delivery Performance


[bookmark: _Toc222410173]Data Marts and Schema
To support departmental decision-making within DHL Supply Chain’s UK operations, the data warehouse is split into specialised data marts tailored to the needs of key management roles as shown in the Figure 4. Although the data is stored in one central warehouse, each department accesses a tailored view focused on its specific needs.
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Figure 4: Mapping of Departmental Data Marts to Fact and Dimension Tables

The Executive/Managing Director Mart is designed for the CEO and board members. It primarily uses the Agg_MonthlyDeliveryPerformance table for high-level performance monitoring, including total deliveries, on-time performance, cost trends and transit efficiency. When required, the detailed Fact_DeliveryPerformance table enables drill-down analysis into specific clients, services, or routes. It connects to dimensions like Dim_Time, Dim_Client, Dim_Service and origin/destination location dimensions.

The Finance Director Mart focuses on cost control and profitability analysis. It utilises both the detailed fact table and aggregate performance data to evaluate delivery costs, service profitability and SLA performance among clients and regions. This mart may optionally incorporate data related to the vehicles where transport costs are relevant.

The Sales/Client Services Mart supports account managers in monitoring client-specific KPIs, service reliability and performance against contractual SLAs. It relies primarily on the Fact_DeliveryPerformance table linked to client and service dimensions.

The Transport/Fleet Performance Mart is designed for operational managers overseeing fleet efficiency. It uses Fact_DeliveryPerformance linked with Dim_Vehicle, Dim_Service and location dimensions to analyse transit times, route efficiency and vehicle utilisation.
Together, these marts ensure that each management layer receives relevant, performance-focused insights derived from a consistent and integrated warehouse schema.


[bookmark: _Toc222410174]ETL plan
The simplified ETL plan for DHL’s data warehouse is summarised in Table 4. It identifies the source systems for each warehouse table and defines the key transformation steps required before loading. For example, shipment data from the TMS is joined with order data from the OMS using ShipmentID, while delivery timestamps are used to calculate delay minutes and on-time delivery flags. Location codes are standardised to ensure consistency across UK and European hubs. This process makes sure that the data is cleaned, integrated and analysis-ready without affecting live operational systems.

	Warehouse Table
	Source System(s)
	Key Transformations Before Load

	Dim_Time
	System-generated calendar
	Derive date hierarchies (day, month, quarter, year); generate surrogate keys

	Dim_Client
	CRM / Client Master Data
	Remove duplicates; standardise client codes; apply SCD Type 2 for contract/SLA changes

	Dim_Service
	OMS / TMS Service Catalogue
	Standardise service names; map legacy service codes to master codes

	Dim_Location_Origin / Dim_Location_Destination
	WMS Site Data / TMS Route Data
	Cleanse addresses; validate postcodes and countries; remove duplicate locations

	Dim_Vehicle
	Fleet Management / Telematics
	Validate vehicle IDs; classify vehicle type; remove inactive records

	Fact_DeliveryPerformance
	OMS (orders), TMS (transport data), WMS (dispatch), Finance (costs)
	Join using ShipmentID/OrderID; calculate delay minutes, transit time, on-time flag; compute total delivery cost

	Agg_MonthlyDeliveryPerformance
	Derived from Fact_DeliveryPerformance
	Aggregate monthly using SUM and AVG by Month, Client, Service, Origin, Destination


Table 4: ETL Mapping of DHL Source Systems to Warehouse Tables

[bookmark: _Toc222410175]Data Quality & Governance
Data governance is essential to make sure that DHL’s data warehouse delivers reliable insights. Data must be managed as a strategic asset through clearly defined governance structures, roles and policies[14].
Establishing formal data ownership and accountability makes sure that specific business units are responsible for maintaining data accuracy, consistency and compliance[15].

Within the ETL process, data quality controls should detect missing shipment IDs, inconsistent location codes or duplicate client records before loading into the warehouse. A systematic monitoring of quality indicators, such as completeness and referential integrity, improves analytical reliability and reduces operational risk[16].

Governance policies must also define access rights, audit mechanisms and compliance procedures to make sure secure and lawful handling of sensitive operational and financial data. If all these quality controls and clear accountability structures are followed, DHL can maintain a reliable management environment supported by warehouse information.

[bookmark: _Toc222410176]Conclusion
This report has shown an organised data warehousing solution for DHL Supply Chain, showing the transition from operational OLTP systems to a dimensional warehouse system. A star schema was designed with fact and dimension tables, supported by metadata, aggregate structures and departmental data marts. A simplified ETL plan and governance framework were also proposed to make sure data is consistent and its access by different departments is accountable. Together, these components provide DHL with an integrated analytical platform capable of supporting performance monitoring, cost control and strategic supervision over its logistics operations.
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