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[bookmark: _Toc222831510]1.1 OLTP vs Data Warehouse in DHL’s Operational Context
DHL Supply Chain’s operational backbone consists of multiple Online Transaction Processing (OLTP) systems, including Warehouse Management Systems (WMS), Transportation Management Systems (TMS), Order Management Systems (OMS), fleet telematics platforms and financial ERP systems. These systems are optimised for high-frequency, real-time transactional workloads. According to Silberschatz et al. [1], OLTP databases are designed around ACID properties (Atomicity, Consistency, Isolation and Durability), ensuring operational reliability and data integrity. In DHL’s case, this ensures that shipment scans, inventory updates, delivery confirmations and invoice records are processed accurately and without concurrency conflicts.
OLTP systems typically employ highly normalised relational schemas (often third normal form) to eliminate redundancy and maintain referential integrity [1]. For example, a shipment transaction may reference separate tables for client data, route details, carrier information and service level agreements. While this design is optimal for transaction processing, it becomes inefficient for analytical queries requiring multi-dimensional aggregation.
In contrast, a data warehouse (DW) is designed explicitly for analytical processing (OLAP). Inmon defines a data warehouse as “subject-oriented, integrated, time-variant and non-volatile” [2]. Each of these characteristics is particularly relevant to DHL:
Subject-oriented: Data is organised around key business subjects such as shipments, clients, routes and financial performance.
Integrated: Data from WMS, TMS, OMS and ERP systems is consolidated into a unified schema.
Time-variant: Historical data is preserved for trend analysis.
Non-volatile: Data is stable and read-optimised for reporting.
Kimball and Ross [3] further argue that dimensional modelling simplifies business querying and improves performance by structuring data around facts and dimensions.
For DHL’s CEO and board, the distinction is strategic rather than technical. OLTP systems answer questions such as:
Was a specific order delivered?
What is current stock in Daventry?
A data warehouse answers:
Which cross-border lanes between Rotterdam and Düsseldorf consistently exceed planned transit times?
How has profitability for pharmaceutical clients at Heathrow evolved over five years?
What is the carbon footprint per service tier?
Recent empirical research demonstrates that integrated data analytics capabilities significantly enhance supply chain performance and strategic agility [9], [10]. Jeble et al. [9] find that data integration and analytics positively influence operational efficiency and decision quality in logistics environments. Therefore, a data warehouse represents not merely a reporting tool but a strategic asset enabling DHL to respond to market shifts, sustainability pressures and post-Brexit regulatory complexities.

[bookmark: _Toc222831511]1.2 Data Warehouse Architecture & ETL for DHL
To address DHL’s fragmented data landscape, a layered enterprise data warehouse architecture is proposed, aligned with established best practice [3], [6].
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[bookmark: _Toc222831512]Figure 1 – Enterprise Data Warehouse Architecture


[bookmark: _Toc222831513]Architectural Overview
The architecture consists of five layers:
1. Source Systems
2. Staging Area
3. ETL Layer
4. Enterprise Data Warehouse (EDW)
5. Data Marts & BI Tools
[bookmark: _Toc222831514]Source Systems
Internal systems:
OMS (order details, SLA commitments)
WMS (inventory movements, warehouse productivity)
TMS (route planning, transit times, carrier details)
Fleet telematics (GPS, fuel consumption, mileage)
ERP systems (revenue, cost, invoice data)
Returns management systems
External systems:
Customs compliance databases (post-Brexit documentation)
Fuel pricing APIs
Carbon emission conversion datasets
Client e-commerce portals
Third-party carrier platforms
These systems generate heterogeneous data structures, including structured relational data and semi-structured telematics feeds.

[bookmark: _Toc222831515]ETL Process
The Extract–Transform–Load (ETL) process ensures data integration without disrupting daily operations [6].
[bookmark: _Toc222831516]Extract
Data is extracted using scheduled batch processes or incremental loading mechanisms. This prevents performance degradation of operational systems. For example, nightly extraction from WMS ensures warehouse pick operations remain unaffected.
[bookmark: _Toc222831517]Transform
Transformation is critical to ensure integration and data quality:
Data cleansing: Removing duplicate shipment IDs; correcting inconsistent timestamps.
Standardisation: Harmonising currency (GBP/EUR), units of measure and time zones.
Enrichment: Calculating KPIs such as:
Delivery delay = Actual transit time – Planned transit time
Carbon emission per kilometre
Profit margin per shipment
Conformance: Aligning client identifiers across OMS and ERP systems.
Tallon et al. [11] emphasise that modern ETL frameworks increasingly incorporate metadata-driven controls and governance validation to enhance reliability.
[bookmark: _Toc222831518]Load
Cleaned and transformed data is loaded into dimensional tables within the Enterprise Data Warehouse. The warehouse is non-volatile; updates occur through controlled batch processes rather than transactional modifications.

[bookmark: _Toc222831519]Architectural Justification
This architecture ensures:
Operational continuity: OLTP systems remain unaffected.
Historical visibility: Multi-year trend analysis becomes possible.
Cross-regional integration: UK and European hubs can be analysed collectively.
Scalability: Cloud-enabled warehouse models support elasticity and distributed processing [9].
Contemporary research highlights the importance of scalable, integrated data platforms in supply chain analytics ecosystems [12]. Thus, DHL’s warehouse must support not only reporting but also future predictive modelling and machine learning applications.

[bookmark: _Toc222831520]1.3 Data Marts for Executive Decision-Making
While the Enterprise Data Warehouse stores integrated data, tailored Data Marts are necessary for executive usability [3].
[bookmark: _Toc222831521]1. Operations Data Mart
Designed for the Managing Director, this mart focuses on:
On-time delivery percentage
Average transit delay per route
Warehouse throughput
Cross-border bottlenecks
Carbon emissions per shipment
For example, the mart can identify whether delays between Rotterdam and Düsseldorf are driven by customs processing or route congestion.
By integrating FactShipment and FactWarehouseOperations, management can evaluate warehouse utilisation in Daventry relative to throughput growth from e-commerce clients.

[bookmark: _Toc222831522]2. Finance Data Mart
Designed for the Finance Director, this mart supports:
Revenue per shipment
Cost per route
Fuel surcharge impact
SLA penalty tracking
Profit margin per client
This enables contract-level analysis. For example, if automotive clients in Düsseldorf generate high volumes but low margins due to expedited delivery penalties, pricing models may require renegotiation.
Elgendy and Elragal [10] highlight that big data analytics significantly enhances financial performance when integrated with supply chain systems. Therefore, profitability analytics is a critical competitive capability.

[bookmark: _Toc222831523]3. Sales & Marketing Data Mart
Designed for the Sales Director, this mart supports:
Client growth trends
Premium Express service uptake
Returns frequency analysis
Sector-based demand forecasting
By analysing industry sector data (retail, automotive, pharmaceuticals), DHL can tailor marketing strategies. For instance, rapid growth in e-commerce fulfilment in the Midlands may justify investment in automation technologies.

[bookmark: _Toc222831524]Strategic Evaluation
Data marts reduce query complexity and align insights with executive priorities. However, governance must ensure consistent definitions of KPIs across marts. Kimball’s conformed dimension strategy prevents fragmentation and ensures a “single version of truth” [3].
Research indicates that analytics-driven organisations outperform competitors when decision-making is evidence-based rather than intuition-driven [9], [12]. Therefore, well-designed data marts enhance both operational agility and strategic foresight.

[bookmark: _Toc222831525]1.4 OLTP Normalisation vs Dimensional Modelling
DHL’s OLTP systems rely on normalised relational schemas. In third normal form (3NF), data redundancy is minimised and update anomalies are avoided [1]. For example:
Orders table
OrderLines table
Clients table
Carriers table
While effective for transaction integrity, analytical queries require complex joins across numerous tables, leading to poor performance.
Dimensional modelling restructures data into:
Fact tables (quantitative measures)
Dimension tables (descriptive attributes)
Example: Shipment Star Schema
FactShipment:
Revenue
Cost
TransitTime
DelayMinutes
CarbonEmission
Dimensions:
DimClient (Industry, SLA tier)
DimRoute (Origin, Destination, Region)
DimTime (Day, Month, Year)
DimWarehouse (Location, Specialisation)
DimServiceType (Express, Standard, Cold Chain)
This structure simplifies queries such as:
“Total profit margin by service type per quarter in 2025.”
Adamson [7] emphasises that star schemas reduce query complexity and improve reporting performance. Even in distributed big data environments, dimensional schemas remain efficient and intuitive for business intelligence [10].
For DHL’s IT Director, the transition from 3NF to dimensional modelling represents a shift from transaction optimisation to analytical optimisation. Both structures are necessary but serve fundamentally different purposes.
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[bookmark: _Toc222831526]Figure 2 – Star Schema (Shipment Analytics)


[bookmark: _Toc222831527]2 – Advanced Data Warehouse Design, Implementation & Governance for DHL Supply Chain

2.1 Source System Identification & Integration Challenges 
In an enterprise data warehouse environment, identifying all relevant source systems is fundamental for data completeness and integrity. For DHL Supply Chain, internal sources include Order Management Systems (OMS), Warehouse Management Systems (WMS), Transportation Management Systems (TMS), fleet telematics platforms, returns processing systems and ERP financial systems. These produce structured transactional data such as shipment records, inventory movement, route logs, labour costs and invoiced transactions.
External data sources include customs compliance feeds (especially relevant post-Brexit), fuel price APIs, carbon emissions datasets (for sustainability KPIs) and third-party carrier systems. Integrating these disparate systems requires a robust Extract–Transform–Load (ETL) pipeline capable of consolidating structured and semi-structured data without loss of quality or lineage — a known challenge in modern data warehouse environments . Effective integration also demands data profiling and semantic mapping to ensure consistent definitions across systems.
[bookmark: _Toc222831528]Metadata & Master Data Management
A metadata repository captures source mappings, transformation logic and data lineage. Master Data Management ensures consistent surrogate keys for clients, routes and warehouses.


[bookmark: _Toc222831529]2.2 Star Schema & Constellation Design
A thoughtfully structured schema is crucial for analytical performance. For DHL’s enterprise warehouse, a constellation schema (multiple fact tables sharing conformed dimensions) supports diverse analytics needs while maintaining consistency and performance [1].
Fact Tables
1. FactShipment
This central fact records every shipment event:
Keys: ShipmentKey, ClientKey, RouteKey, TimeKey, ServiceTypeKey, VehicleKey, WarehouseKey
Measures: Revenue, Cost, TransitTime, DelayMinutes, CarbonEmission, FuelCost, OnTimeFlag
This supports KPIs such as profitability, delivery punctuality and sustainability.
[bookmark: _Toc222831530]Advanced Grain Definition
FactShipment grain is defined as one record per shipment leg per delivery confirmation event. Internal transfers and returns are modelled as distinct transaction types linked via a shared ShipmentGroupID.
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[bookmark: _Toc222831531]Figure 3: Aggregate Tables

2. FactWarehouseOperations
Captures in-warehouse activities:
Keys: WarehouseKey, TimeKey, SKUKey, EmployeeKey
Measures: PickTime, PackTime, InventoryLevel, LabourHours, SpaceUtilisation
Allows optimisation of labour allocation and warehouse throughput.
3. FactFinancialPerformance
Designed for deeper financial analysis:
Keys: ClientKey, ContractKey, TimeKey, RegionKey
Measures: InvoiceAmount, DiscountApplied, SLA Penalty, ProfitMargin, OperatingCost
Supports contract benchmarking and profitability analytics across service tiers.
[bookmark: _Toc222831532]Conformed Dimensions
Conformed dimensions ensure consistency across fact tables, enabling cross-subject analysis:
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[bookmark: _Toc222831533]Figure 2 – Star Schema (Shipment Analytics)

DimClient – ClientID, IndustrySector, SLA Tier, ContractType
DimRoute – RouteID, Origin, Destination, Country, Region
DimVehicle – VehicleID, VehicleType, EmissionClass
DimTime – Date, Week, Month, Quarter, Year
DimWarehouse – WarehouseID, Location, Capacity, ZoneType
DimServiceType – ServiceCategory (Express/Standard/Cold Chain)
DimContract – ContractID, PricingModel, BillingCycle
[bookmark: _Toc222831534]Schema Justification
The constellation schema allows concurrent analytical queries on operations, finance and client behaviour without duplicating dimension data. Dimensional modelling significantly reduces join complexity and improves query performance — a known advantage in enterprise data warehouses . Conformed dimensions guarantee that metrics such as “profit margin per client per quarter” can be compared consistently across fact tables.
For example, combining FactShipment with FactFinancialPerformance via DimClient and DimTime enables cross-functional KPIs such as “total profitability of same-day deliveries in Q4 2025”, which is invaluable for executive planning.
Furthermore, the schema supports hierarchical reporting (e.g., by Region → Warehouse → Route) and drill-down analytics, crucial for identifying bottlenecks or cost overruns. Modern data warehouse implementations also consider slowly changing dimension (SCD) support, especially for client and contract attributes, to track historical changes accurately over time.
[bookmark: _Toc222831535]Advanced Schema Considerations
To support real-time demands or near-real-time analytics, certain warehouses incorporate hybrid approaches like ELT/ELTL (Extract-Load-Transform-Load) or metadata-driven pipelines that improve performance and governance observability . While DHL’s warehouse will primarily use batch ETL for operational stability, future hybrid patterns may be explored to support faster analytics refresh rates.
Overall, the proposed schema balances the need for analytical flexibility, performance and scalability, while aligning with contemporary data warehouse design principles backed by recent literature and case studies.



2.3 Data Marts & Business Integration
[bookmark: _Toc222831536]Finance Mart
Derived from FactFinancialPerformance, this mart supports:
Profitability analysis at client, service and route levels
SLA compliance costing and penalty tracking
Budget versus actual expenses reporting
It provides finance teams with role-specific dashboards tailored to contractual margins and billing cycles.
[bookmark: _Toc222831537]Operations Mart
Combining FactShipment and FactWarehouseOperations, the operations mart focuses on:
SLA adherence and late delivery causes
Warehouse process cycle times
Route performance and carrier effectiveness
It enables operational managers to quickly identify areas for process improvement and resource optimisation.
[bookmark: _Toc222831538]Client & Market Intelligence Mart
Integrates shipment data, returns data and client segmentation to support:
Client retention and growth analytics
Service level uptake trends (e.g., premium express services)
Returns behaviour predicting potential churn
Conformed dimensions ensure consistent interpretation of client, time and service attributes across all marts.
Data marts reduce query load on the enterprise warehouse and offer business units finely tailored reporting environments while maintaining a common data foundation. Contemporary research underscores their importance for organisational agility and user adoption of analytics platforms .

2.4 ETL Plan & Quality Controls
The ETL plan defines how data moves from source systems into the warehouse:
DimClient: Extract from OMS/CRM; clean duplicates; standardise sector codes
DimRoute: Extract from TMS; harmonise geographic codes; enrich with region metadata
FactShipment: Consolidate TMS and fleet telematics; calculate transit metrics and emissions
FactWarehouseOperations: Source from WMS; validate timestamps and activity logs
FactFinancialPerformance: Compute invoice, surcharge and penalty measures from ERP
Incremental ETL jobs run nightly, with full refreshes periodically. Data profiling tools validate data quality at each stage, ensuring accuracy, completeness and consistency. Automation and metadata tracking improve governance and reduce manual errors.
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[bookmark: _Toc222831539]Figure 4: (ETL Plan & Governance)



2.5 Data Governance, Security & Compliance 
Strong governance ensures trustworthiness, privacy and accountability in analytical platforms. Governance frameworks cover:
Data stewardship roles defining ownership and accountability
Security controls including encryption and access policies
Audit trails maintaining lineage and change histories
Compliance with data protection regulations (e.g., GDPR)
Effective governance frameworks reduce risk and increase executive confidence in analytics outputs.
Data quality monitoring includes accuracy, completeness, consistency, timeliness and validity checks with automated SLA and anomaly detection.
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