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[bookmark: _Toc223399782]Introduction
In an increasingly data-driven logistics environment, organisations such as DHL Supply Chain must balance operational efficiency with strategic decision-making capabilities. While Online Transaction Processing (OLTP) systems effectively support real-time warehouse and transport operations, they are not designed to provide the integrated, historical, and analytical insights required by executive leadership. As DHL operates across multiple UK and European hubs, the need for consolidated performance visibility, profitability analysis, and governance-compliant reporting becomes critical.
This report proposes a structured data warehouse solution tailored to DHL’s UK and European logistics network. Task 1 evaluates key data warehousing concepts, including the differences between OLTP and data warehouse systems, architectural layers, ETL processes, data marts, and dimensional modelling approaches. Task 2 applies these concepts to design a shipment-leg star schema model supported by conformed dimensions, departmental data marts, and a governance-aware ETL framework. The proposed solution aims to enhance analytical performance, ensure data quality and traceability, and support data-driven strategic decision-making across operations, finance, and client services.
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[bookmark: _Toc223296193][bookmark: _Toc223316018][bookmark: _Toc223399784]1.1 OLTP vs. Data Warehouse
DHL Supply Chain runs its UK and European logistics through OLTP systems such as WMS, TMS, OMS and finance platforms. These systems capture and execute day-to-day work: scanning parcels, booking carriers, allocating warehouse picks, confirming departures and arrivals, recording customs milestones, processing returns status changes, and issuing invoices. Their databases are built for many short, concurrent transactions and strict consistency, so they rely on normalised tables, integrity constraints and indexing to prevent conflicting updates and keep response times low even at peak volumes [4], [5]. This design is ideal for operational questions like “Where is shipment X right now?” or “Is SKU Y available in Daventry?” because users need accurate current status quickly, not a long analytical report.
The issue is that leadership needs a different type of answer. Executives want to see patterns across sites, clients and time: where delays build up between Daventry–Heathrow, Rotterdam cross-dock and Düsseldorf onward legs; why Eurocentral JIT deliveries behave differently from Lyon cold chain; whether Premium Express surcharges actually cover the true cost-to-serve; and how customs steps affect end-to-end lead times. OLTP systems do not solve this well because data is fragmented across applications, definitions differ (for example, “on-time” or which costs belong to a contract), and heavy analytical queries can slow live operations.
A data warehouse is designed for decision support. It integrates data from multiple sources, standardises business definitions, stores history and structures data for fast reporting and trends [1], [2]. For DHL, this creates a single trusted view across the UK and Europe for bottleneck detection, utilisation, SLA adherence, profitability by contract and emissions reporting. The trade-off is refresh latency, but the separation protects operations while enabling better management decisions and reducing spreadsheet rework in monthly reviews.

[image: ]
Figure 1. Conceptual comparison between OLTP systems and Data Warehouse architecture.
The figure illustrates the structural and functional differences between transactional OLTP systems, optimised for real-time operational processing, and data warehouse environments designed for analytical reporting and decision support.

[bookmark: _Toc223296194][bookmark: _Toc223316019][bookmark: _Toc223399785]1.2 Data Warehouse Architecture & ETL
Figure 2 outlines a layered architecture suited to DHL’s UK–Europe network.[image: ] 
[bookmark: _Ref223393968]Figure 2. Layered data warehouse architecture for DHL UK & European operations.
The diagram presents a multi-layered architecture including source systems, staging area, ETL processes, enterprise data warehouse, and business intelligence data marts, ensuring separation between operational and analytical workloads.

Source systems remain the systems of record: OMS for orders and promised dates, WMS at each hub for receipts, put-away, pick/pack, labour assignment and space utilisation, TMS for routing and milestone events, telematics for GPS, mileage and fuel, ePOD/exception logs for delivery outcomes, and finance/ERP for invoices, surcharges and cost postings. External feeds (customs status, carrier tracking, emission factors and fuel indices) can enrich analysis without changing operational applications.
Data first lands in a secure staging/landing zone as time-stamped raw extracts. Keeping raw copies is not just “nice to have”; it supports traceability, reprocessing and audit—important when a client challenges an SLA, disputes a charge, or asks for evidence that a delay happened at a specific hub handover [7]. ETL/ELT then profiles and validates data (completeness, uniqueness, ranges), cleans typical problems (duplicate shipment IDs from re-sent messages, missing weights, invalid postcodes), and standardises units, currencies and time zones across UK and European operations. Next, conformance rules align master data: one client identifier, one contract code, one site code set, and agreed service types (Standard, Express, Premium Express, VAS). This conformance step is where many programmes fail, so it should be treated as a business agreement, not only an IT mapping exercise [1].[image: ]
Figure 3. Extract, Transform and Load (ETL) process workflow.
This figure demonstrates how operational data is extracted, cleansed, standardised, enriched, and loaded into the enterprise data warehouse while maintaining data quality, governance, and auditability.
Enrichment adds business attributes such as lane distance bands, cold-chain flags for Heathrow/Lyon flows, hazmat categories for Rotterdam chemical handling, and CO₂e estimates per leg using consistent factor tables. The enterprise data warehouse (EDW) then stores conformed dimensions and facts using surrogate keys and slowly changing dimensions so history is preserved when attributes change (for example, contract SLA tier or pricing bands) [1].
On top, curated data marts for Operations, Finance and Client Services expose simplified star schemas and a semantic layer of agreed KPIs. To avoid disrupting daily operations, extraction must be read-only and lightweight: scheduled exports, CDC streams or read replicas, rather than heavy joins on production databases. Loads run off-peak where possible; jobs must be restartable with reconciliation checks (counts/totals vs. source), reject logs and monitoring. DHL should publish refresh SLAs (e.g., hourly ops metrics, daily finance closes) so managers know when numbers are “final”.
A sensible rollout is to pilot Daventry + Heathrow plus Rotterdam first, then onboard Eurocentral, Düsseldorf and Lyon once conformance rules are proven.
[bookmark: _Toc223296195][bookmark: _Toc223316020][bookmark: _Toc223399786]1.3 Data Marts for Management Decision-Making
Data marts are curated slices of the EDW tailored to decision makers, but they must share conformed dimensions so DHL avoids “multiple versions of the truth” [1]. In practice, Date/Time, Client, Contract, Site/Hub, Service Type and Mode are reused everywhere, and KPI definitions (for example, on-time rules, “handover delay” logic, and fuel surcharge treatment) are implemented once in the semantic layer rather than re-built in every dashboard.[image: ]
Figure 4. Departmental data marts derived from the enterprise data warehouse.
The diagram illustrates how conformed dimensions enable the creation of specialised data marts for Operations, Finance, and Client Services while maintaining a single version of the truth.
Operations Performance mart (Managing Director): This mart combines FactShipmentLeg with warehouse activity and capacity snapshots to run the UK–Europe network. Typical views include lane heatmaps (Daventry→Heathrow→Rotterdam), hub dwell-time trends, exception breakdowns (customs hold, missed cut-off, damage), and productivity dashboards for pick/pack/put-away. It supports practical decisions: whether Heathrow needs more cold-chain staging during peaks, whether Rotterdam cross-dock is saturating at specific shift times, or whether a Daventry outbound schedule change would reduce missed connections. Because operations teams want speed, this mart can refresh hourly and keep a short reprocessing window for late events like ePOD.
Finance & Profitability mart (Finance Director): DHL pricing is complex (volume discounts, Premium Express surcharges, VAS fees, fuel indices), so the finance mart links FactInvoiceLine and FactCostLine to the same operational dimensions. This enables margin and cost-to-serve by client, contract, lane and site, with reconciliation back to ERP totals and GL accounts [7]. It also supports “why” questions, not only “what”: if Premium Express profit drops, is it due to carrier costs, overtime in a hub, or customs delay penalties?
Client Insight mart (Sales & Marketing Director): This mart links performance to customer interactions (complaints, claims and returns disposition) and service mix. Account teams can track SLA adherence by contract tier, repeated exceptions after Rotterdam cross-dock, and seasonal demand by sector (retail vs life sciences). It supports retention actions for at-risk accounts and targeted growth (e.g., proposing VAS kitting or Premium Express to high-value goods at Heathrow) [11]. Access is tighter because it exposes contract terms and sensitive service issues, so row-level security is recommended [6].
Together, the marts reduce report complexity while keeping governance central: one glossary, one KPI catalogue, and auditable lineage. Certified datasets also enable self-service BI and reduce “spreadsheet wars” in monthly meetings.
[bookmark: _Toc223296196][bookmark: _Toc223316021][bookmark: _Toc223399787]1.4 OLTP Normalisation vs. Dimensional Modelling
OLTP systems are usually normalised (often to 3NF) to reduce redundancy and keep updates correct under heavy concurrency [5]. In a WMS, for example, SKUs, bins, tasks, staff and inventory balances are stored in separate tables with keys and constraints. This supports fast inserts/updates, but analytical queries become slow and hard to write because they require many joins and can compete with live warehouse and transport workloads. In practice, analysts often end up exporting data and rebuilding logic in spreadsheets, which is risky and inconsistent.
A data warehouse typically uses dimensional modelling. A star schema places a fact table (measurements at a defined grain) in the centre and connects it to denormalised dimensions that provide business context [1]. For DHL, a useful grain is one shipment leg between hubs, because that is where cross-regional delays and handover issues usually show up. FactShipmentLeg can store planned/actual timestamps, transit and delay minutes, distance, weight/volume, packages, cost, revenue and CO₂e, plus a degenerate ShipmentID for drill-through. Dimensions include Date/Time, Client, Contract, Service Type, Mode, Carrier, Vehicle/Driver, Exception, and Location role-played as Origin and Destination.[image: ]
[bookmark: _Ref223393918]Figure 5. Shipment-leg star schema model with conformed dimensions.
The star schema represents the core analytical model centred on FactShipmentLeg, surrounded by shared dimensional tables that support multi-dimensional analysis across time, client, contract, service, and location perspectives.
This model lets DHL slice performance by lane (Daventry→Heathrow), by hub (Rotterdam cross-dock), by service (Premium Express) and by client/contract, while keeping operational systems focused on execution. For inventory and utilisation, DHL should add snapshot facts (daily inventory, daily space used) because these measures are semi-additive across time. Finally, surrogate keys and slowly changing dimensions preserve history when SLA tiers or pricing bands change, so reporting remains fair and auditable over time [1].
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Internal sources feeding the warehouse are DHL’s OMS (orders, promised dates, discounts, special handling), WMS at each hub (receipts, put-away, pick/pack tasks, inventory and space utilisation), TMS (routes, carrier bookings, planned vs actual milestones), fleet telematics (GPS, mileage, fuel and maintenance), ePOD and exception logs (delivery confirmation and failure reasons), and finance/ERP (invoices, surcharges, cost postings and payments). Master data also comes from asset registers (vehicles), HR/rosters (drivers and shift teams) and contract repositories (SLA terms and pricing bands). External sources include client portals/EDI, carrier tracking, customs clearance status, fuel price indices, and emissions factor tables used to estimate CO₂e per shipment leg. Returns systems add disposition codes (restock, scrap, repair) and claims values.
[bookmark: _Toc223296199][bookmark: _Toc223316024][bookmark: _Toc223399790]2.2 Star Schema Design
DHL’s warehouse should use a dimensional “bus” so multiple star schemas share conformed dimensions and KPI definitions across UK and European sites [1]. The key design decision is grain. To support cross-regional visibility, the core grain should be one shipment leg: a movement from an origin hub to a destination hub for a specific service and mode. This captures handovers (e.g., Daventry→Heathrow, Rotterdam→Düsseldorf) and supports roll-ups to shipment, lane, client, hub and month. As illustrated in Figure 5, the shipment-leg star schema establishes the core analytical foundation of the dimensional model. The following sections extend this structure to support operational, financial, and governance-oriented analytics.
Conformed master-data dimensions include DimDate and DimTime; DimLocation (role-played as Origin and Destination, with country, region, hub type, temperature capability and hazmat capability); DimClient (sector, account owner); DimContract (SLA tier, pricing model, discount bands, effective dates); DimServiceType (Standard, Express, Premium Express, VAS bundle); DimMode (road/air/ocean); DimCarrier; DimVehicle and DimDriver (with privacy controls); DimSKU (temperature band, hazard class); DimWarehouseZone; and DimException (reason codes). Client and Contract should be Type-2 slowly changing dimensions so historic performance is reported against the terms that applied at the time [1], [9].[image: ]
Figure 6. Dimensional Bus Matrix for the DHL UK & European Data Warehouse Design
The matrix summarises the conformed dimensions and their relationships across the proposed fact tables, ensuring dimensional consistency and supporting a unified analytical architecture.
Star 1: FactShipmentLeg (performance + green logistics). Measures include planned/actual depart and arrive timestamps, transit minutes, delay minutes, dwell minutes at origin/destination, distance_km, weight_kg, volume_m3, packages, revenue, freight_cost, fuel_surcharge and CO₂e_estimate. ShipmentID and OrderID can be degenerate dimensions for drill-through. Store raw timestamps as well as derived flags (on-time, exception) so SLA logic can evolve without losing evidence.
Star 2: FactWarehouseActivity (productivity + VAS). Grain is one task execution (pick, pack, put-away, receive, kitting, labelling, quality check, returns inspection). Measures include start/end timestamps, duration_seconds, labour_minutes, units_handled, error_flag and rework_count. Linking tasks to DimContract and DimClient enables comparisons by handling requirements (e.g., Heathrow life sciences vs Lyon cold chain) and supports VAS billing.
Star 3: Snapshot facts for inventory and capacity. Inventory and space are semi-additive, so use daily snapshots: FactInventoryDaily (SKU×Location×Date) with on_hand_qty, reserved_qty and days_on_hand; and FactWarehouseCapacityDaily (Location×Date) with used_space_m2, available_space_m2, dock_doors_used and labour_hours_planned/actual.
Star 4: Finance stars for audit and reconciliation. Profitability needs separation of billing and costing. FactInvoiceLine stores invoice number, charge type (storage, transport, VAS, penalties), billed units and amounts. FactCostLine stores cost postings by type (fuel, labour, carrier, customs duties, maintenance). Both link to conformed dimensions and to DimGLAccount/DimCostType so totals reconcile to ERP and audits are supported [7].
Aggregate/metadata tables improve performance and governance. FactMonthlyDeliveryPerformance pre-computes KPIs (on-time %, average delay, cost per shipment, margin) by client, lane, service and month for board reporting. Metadata tables such as DimSLAStatus, DimChargeType and an EmissionFactor reference provide controlled code sets and versioning. ETL must handle late-arriving events (ePOD, customs updates, credit notes) by loading facts with “unknown” surrogate keys and updating within a managed reprocessing window. If shipments contain multiple SKUs, capture detail using FactShipmentLine (ShipmentID×SKU×Leg) or a bridge table to avoid inflating FactShipmentLeg. Partition large facts by date and region to keep both loads and queries fast as volumes grow.
[bookmark: _Toc223296200][bookmark: _Toc223316025][bookmark: _Toc223399791]2.3 Data Marts and Schema
Three data marts should be published from the EDW, each reusing the same conformed dimensions and certified KPI logic to maintain a single version of the truth [1]. The marts can be implemented as separate schemas or governed views, depending on DHL’s platform choices and access model.
Operations mart: Contains FactShipmentLeg, FactWarehouseActivity, FactInventoryDaily and FactWarehouseCapacityDaily. Dimensions emphasise Location (origin/destination), ServiceType, Mode, WarehouseZone, SKU and Exception. It supports decisions on bottlenecks, cut-off adherence, staffing, slotting and cold-chain utilisation. Typical outputs are lane heatmaps, dwell dashboards, pick productivity by zone, and exception Pareto charts for Heathrow pharma flows and Rotterdam chemical cross-dock.
Finance mart: Contains FactInvoiceLine, FactCostLine and FactMonthlyDeliveryPerformance plus DimGLAccount and DimCostType. It provides margin, cost-to-serve and variance reporting by client, contract, lane and hub, with drill-down to invoice lines and cost postings. Period close views should be locked after reconciliation so board metrics remain stable and auditable [7]. Where pricing is sensitive, apply row-level security by contract.
Client Services / Sales mart: Links shipment performance to customer interactions (tickets, claims, returns disposition) using shared dimensions plus Channel, IssueCategory and ResolutionStatus. It supports retention by highlighting clients with repeated SLA failures or damage patterns, and it helps target upsell for Premium Express and VAS based on sector and service mix [11]. Because it contains service issues and contract terms, access should be limited to authorised roles [6]. Across marts, publish a small set of “gold” measures in the semantic layer to prevent KPI drift.
[bookmark: _Toc223296201][bookmark: _Toc223316026][bookmark: _Toc223399792]2.4 ETL Plan
ETL is organised as source-to-target mappings. Extract incremental data from OMS, WMS, TMS, telematics, ePOD and ERP into the landing zone using CDC or scheduled exports. Validate and profile: key presence, duplicates, timestamp ordering, and plausible ranges for weight/volume, fuel and labour measures. Transform: standardise units, currencies and time zones; cleanse postcodes; conform client/contract/site/service codes; and generate surrogate keys. Enrich: calculate lane distance, cold-chain/hazmat flags, emission estimates and derived SLA measures. Load dimensions first (Type-2 for Client/Contract), then facts (ShipmentLeg, WarehouseActivity, InventoryDaily, CapacityDaily, InvoiceLine, CostLine). Build aggregates (MonthlyDeliveryPerformance) and publish marts. Each run writes audit fields, reconciliation totals and reject rows; failed batches are quarantined and a rolling reprocessing window updates late events. A simple rule helps adoption: publish a clear “data availability window” so users know when yesterday’s KPIs are locked.
[bookmark: _Toc223296202][bookmark: _Toc223316027][bookmark: _Toc223399793]2.5 Data Quality & Governance
Data quality controls should focus on critical elements: shipment IDs, client/contract keys, planned/actual timestamps, costs and revenues. During ETL, enforce completeness, validity, uniqueness, consistency and timeliness checks, and publish a scorecard with thresholds for alerts or quarantine [8]. Governance assigns data owners/stewards, maintains a business glossary and KPI catalogue, and records lineage. Apply least-privilege access, row-level security for contracts, audit logging, and privacy controls (masking/pseudonymisation for driver data) [6], [13]. Retention rules should match legal and contractual requirements.
[bookmark: _Toc223399794]Conclusion
This report has demonstrated how a dimensional data warehouse architecture can transform DHL’s fragmented operational data into an integrated analytical environment that supports strategic decision-making. By separating transactional OLTP systems from analytical workloads, the proposed architecture ensures both operational stability and enhanced reporting performance.
The shipment-leg star schema model provides a scalable analytical foundation, enabling multidimensional performance analysis across hubs, contracts, service types, and financial metrics. The introduction of conformed dimensions and departmental data marts ensures consistency, eliminates duplicate reporting logic, and supports a single version of the truth across the organisation. Furthermore, the ETL framework integrates data quality validation, conformance rules, and governance mechanisms to maintain accuracy, auditability, and regulatory compliance.
While the solution introduces challenges such as refresh latency, master data alignment complexity, and late-arriving fact handling, these trade-offs are justified by the improved analytical capability and strategic visibility achieved. Overall, the proposed data warehouse design establishes a robust and scalable platform that positions DHL for data-driven optimisation across its UK and European logistics operations.
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Figure 4: Data Marts Structure
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Figure 5: Star Schema Model
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Figure 1: OLTP vs. Data Warehouse
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Figure 2: Data Warehouse Architecture
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Figure 3: ETL Process Overview
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