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Predictive supply chain integration is an objective within the Logistics 
Transformation Program (LTP) Phase 2. Its strategic relevance lies in 
enabling enhanced decision support for planning, operations, and 
resilience through predictive analytics. Building upon the concept of 
predictive analytics, the predictive supply chain integration concept 
describes the phases, components, and requirements needed to deliver 
demand forecasting, inventory optimization, logistics network 
optimization, and risk monitoring capabilities. Specific use cases are 
identified, current capabilities assessed, and a framework developed to 
guide subsequent stages of implementation. Predictive analytics represents 
the next evolution of the more widely adopted prescriptive analytics, for 
which supply chain management has been a pioneering use case. Predictive 
capability encompasses data and model-driven decision making in the face 
of uncertainty, with objectives extending beyond cost and efficiency to also 
include service level attainment and supply chain risk as non-negotiable 
constraints. Three elements underpin predictive capability: a clear outline 
of how predictions will create value; a specification of who has decision 
rights over predictions, how these are devolved through the organization, 
and how responsibility and accountability for those decisions is measured; 
and the establishment of trigger points that capture the difference between 
predicted and actual ('prediction envy') and respond accordingly. The 
requirements for prediction-enabling data are also distinct from those 
needed to support the prescriptive analytics of operational decision 
making—prophecy is aided not only by volume but also by accuracy, 
completeness, and appropriate lead time, interval and scenario granularity. 
Consequently, while the underpinning data architecture falls within the 
domain of LTP Phase 2A is primarily concerned with developing predictive 
modelling capabilities. 
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1. Introduction 

Predictive analyses of supply chain planning, performance, and operations are recognized as key enablers 

of better decision support in these domains. Predictive capacity is therefore a critical component of the 

Logistics Transformation Program (LTP) Phase 2. Supply chain integration remains a fundamental goal of 

LTP Phase 2 and predictive integration underpins performance, resilience, and service-level planning 

enablers. Integration enables better supply chain decision support systems and processes if supply chain 

data fit-for-purpose for predictive analytics are established at the right time, in the needed quality, and 

among the demanded supply chain actors. Demand- and supply-side stakeholders underscore uncertainty 

and excess inventory as key vulnerabilities. Data quality is recognized by all stakeholders as a prerequisite 

that must be addressed. Digital supply chain twins are also seen as essential for predictive supply chain use 

cases. The latter and an underlying supply chain mapping are critical for Predictive Supply Chain 

Integration – the basis for the remaining Predictive Capabilities. 

Three key activities are required: firstly, a clear Understanding of What Predictive Integration Entails, as 

outlined below; secondly, an Assessment of the Supply Chain Data Environment, which underpins the 

integration effort; and thirdly, a detailed Specification of Demand Use Cases and Capabilities. These 

activities establish a foundation for a Supply Chain Integration Roadmap and therefore its alignment with 

the broader objectives of LTP Phase 2. 

 

Fig 1: Supply Chain Digital Transformation 

1.1. Background and Significance                                     Logistics Transformation Programme (LTP) 

Phase 2 presents a unique opportunity to build predictive supply chain integration—connecting planning, 

operations, and risk management in data-driven decision-support ecosystems that enable efficient, 

resilient, and sustainable operations. Predictive integration introduces data science methods for forecasting 

demand, managing inventory, replenishing stocks, optimizing logistics networks, and monitoring risk 

indicators. Decision rights and measurement of value and uncertainty are aligned with predictive 

capabilities to enhance supply chain execution. Intelligence and situational awareness in the Support Chain 

are matched by predictive analytics in the Core Chain. 

Any predictive initiative will encounter data limitations; predictive integration is no different. A clear 

statement of the data requirements is therefore essential. Understanding the quality of available data—

timeliness, accuracy, completeness, accessibility, suitability for purpose, and custodianship—is also vital 

for determining when and how predictive models can correctly be applied. Mapping the supply chain, 
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establishing baselines for key performance indicators (KPIs), and identifying the risks and opportunities 

can overcome these limitations. 

Equation 1: Demand forecasting equations (and accuracy metrics) 

Let actual demand at time 𝑡 be 𝐷𝑡. For a 𝑘-period moving average forecast: 

𝐷̂𝑡 =
1

𝑘
∑𝐷𝑡−𝑖

𝑘

𝑖=1

 

Step-by-step meaning 

• Take the last 𝑘 observed demands: 𝐷𝑡−1, 𝐷𝑡−2, … , 𝐷𝑡−𝑘 

• Sum them 

• Divide by 𝑘 to smooth noise 

Forecast error: 

𝑒𝑡 = 𝐷𝑡 − 𝐷̂𝑡 

Absolute error: 

|𝑒𝑡| = |𝐷𝑡 − 𝐷̂𝑡| 

Mean Absolute Error (MAE) over 𝑇 periods: 

MAE =
1

𝑇
∑|𝐷𝑡 − 𝐷̂𝑡|

𝑇

𝑡=1

 

Mean Absolute Percentage Error (MAPE): 

MAPE =
100

𝑇
∑|

𝐷𝑡 − 𝐷̂𝑡
𝐷𝑡

|

𝑇

𝑡=1

 

These directly support “baseline metrics” / tolerance bands the paper mentions. 

Graphs produced (illustrative): 

• Line chart: actual vs forecast (example SKU) 

• Bar chart: MAE and MAPE by SKU 

1.2. Research designs                                                                 The study employs mixed-methods design 

based on document analysis, key-informant interviews, and qualitative modeling. Supply chain actors and 

material-information flows are identified through document analysis and supplemented with stakeholder 
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feedback to form a shared blueprint. Data sourcing, quality, and governance considerations are explored 

through key-informant interviews with domain and data experts. Current supply chain behavior is 

described using historical performance data. Future demand patterns are forecasted, enriching supply-

chain actors’ replenishment and logistics-networking decisions. 

Findings from the current-state assessment enable the definition of predictive decision-support 

applications supported by a logical architecture specifying data sources, analytic capabilities, and 

operational interfaces. The predictive-integration framework guides roadmap development for the 

implementation of prioritized capabilities, emphasizing data availability and quality. Supply-chain 

integration is a strategic priority for the LTP beyond Phase 2, with support from a maintained data 

ecosystem and a structure–process alignment between internal planning and external supply-chain actors. 

 

2. Conceptual Framework for Predictive Integration 

Predictive integrations within an organization’s logistics transformation program (LTP) require defining 

the purpose of predictive analytics, ensuring the associated data and technology infrastructure are fit for 

purpose, and aligning supply chain stakeholders with specified decision rights concerning the resulting data 

and models. Mapping the capabilities and requirements of predictive analytics serves to clarify the 

prerequisites and implementation approach. Key goals of predictive analytics within Phase 2 of the LTP are 

more informed planning leading to cost reductions and service-level improvements as well as increased 

robustness through enhanced risk monitoring and mitigation. 

Successful predictive integration relies on answering three questions. What does the business want to 

predict, for whom, and how does it create and measure value in doing so? First, the core objectives of 

predictive analytics during LTP Phase 2 are articulated. Subsequently, the information architecture 

supporting these goals is designed, focusing on data governance, ownership, quality, and supporting 

standards. Finally, the requirements for stakeholder alignment and buying are defined. This process results 

in a clear articulation of business value and requirements, as well as concrete plans for the underlying data, 

models, and alignment. 

2.1. Core Principles of Predictive Analytics in Supply Chain                                                                       

Predictive integration of the supply chain is guided by three core principles. The first principle is that the 

goal of predictive integration should be a positive contribution towards the three overarching goals of 

supply chain planning: improved performance, more resilient and flexible operations, and better decision-

support ecosystems. The second principle is that predictively integrated decision rights must be allocated 

to specific actor groups by design, based on who is best placed to make the decisions and who will take 
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responsibility for the outcomes. A third and final principle is that the value of data-driven predictions must 

be weighed against the uncertainty introduced by conditions that could not be forecast. 

The use of predictive analytics in the supply chain should be primarily focused on impact and applicability 

rather than simply developing ever more advanced, complex and sophisticated predictive models. Value 

provided to business actors and their decision-making process must be placed above all else. Major areas 

of improvement should be identified and prioritized. Whenever no major benefits are derived from 

developing a more complex and sophisticated predictive model, a simple yet effective model should be used 

instead. 

2.2. Information Architecture and Data interoperability  The information architecture required to 

enable predictive supply chain integration consists of three interrelated aspects: (1) the definition of the 

data types and specific content required for predictive analytics; (2) the application of universally accepted 

standards that govern their description, structure, meaning, and access; and (3) the seamless 

interoperability of data across the systems that generate, consume and share them. Predictive analysis seeks 

to provide such a federation of data sources and services through the advanced principles of data 

integration, which enables analytic consumers to easily discover, access, understand, and share underlying 

data without being encumbered by the need to know about the technical details of the disparate sources. 

This core principle underlies other aspects of predictive analytics within LTP Phase 2. 

Data required for predictive analytics covers supply chain events, forecasts, replenishment decision rules, 

and disruption risk management. Supply chain algorithms require high-quality and time-sensitive data that 

are governed by specific data service-level agreements (SLAs), which manage requirements of accuracy, 

coverage, completeness, and timeliness. Their quality is assessed and maintained by a formal framework 

for data quality. 

Equation 2: Price-elasticity demand model (explicitly mentioned in the paper) 

Let: 

• 𝑄 = demand quantity for the item 

• 𝑃 = own price 

• 𝑃𝑗 = price of related item 𝑗 (substitute/complement) 

A common model is: 

ln𝑄 = 𝛼 + 𝛽ln𝑃 +∑𝛾𝑗
𝑗

ln𝑃𝑗 

2.2 Deriving elasticity from this model 

Own-price elasticity is defined as: 
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𝜀𝑄,𝑃 =
∂𝑄

∂𝑃
⋅
𝑃

𝑄
 

From the model: 

ln𝑄 = 𝛼 + 𝛽ln𝑃 + ⋯ ⇒
∂ln𝑄

∂ln𝑃
= 𝛽 

But: 

∂ln𝑄

∂ln𝑃
=
∂ln𝑄

∂𝑄
⋅
∂𝑄

∂𝑃
⋅
∂𝑃

∂ln𝑃
=
1

𝑄
⋅
∂𝑄

∂𝑃
⋅ 𝑃 =

∂𝑄

∂𝑃
⋅
𝑃

𝑄
 

So: 

𝜀𝑄,𝑃 = 𝛽 

Similarly, cross-price elasticity w.r.t. item 𝑗: 

𝜀𝑄,𝑃𝑗 = 𝛾𝑗 

Interpretation: 

• 𝛽 < 0: higher price lowers demand (normal case) 

• 𝛾𝑗 > 0: 𝑗 is a substitute 

• 𝛾𝑗 < 0: 𝑗 is a complement 

2.3. Governance and Stakeholder Alignment                             The different actors play different roles 

in predictive integration. These include the decision rights associated with the data necessary for various 

types of predictive decisions, responsibilities for data stewardship, and mechanisms for stakeholder 

alignment in areas such as forecasts, replenishment policies, and risk management. The objective is to 

clarify which participants should take the lead regarding different predictive responsibilities and the 

processes by which these actors – or their proxies – would reach alignment. 

The key areas are Decision Rights Matrix, Responsibilities for Data Stewardship, and Stakeholder 

Alignment Mechanisms. The management of predictive supply chain functions requires agreed decision 

rights that are allocated based on criteria such as the level of detail in the decision (e.g. national versus 

regional versus local). Individual forecasting responsibilities are based on the principle that the actor closest 

to the demand should “own” the forecast and should produce the forecast for the more central actor or 

“supply chain ally”, who can plan their supply on behalf of the rest of the supply chain Halal business. 

3. Current State Assessment and Baseline Metrics 

Identifying the supply chain participants, defining their material and information flows, and assessing the 

data quality underpins the predictive capabilities. The supply chain participants include suppliers, 

manufacturers, distributors, retailers, and transport nodes serving both material and information flows. 
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Data modelling and quality have two parts: identify the data required for the predictive capabilities and 

assess its quality across several axes: Available, Timeliness, Accuracy, Completeness, and Lineage. Baseline 

performance of the functions supported is also critical, including demand, inventory, lead time, and service 

level examples. Specifically, the baseline-level key performance indicators (KPIs), tolerance bands, and 

historical trends for these factors guide the design and validation of the predictive capabilities. 

3.1. Mapping of Supply Chain Actors and Flows                   The supply chain consists of multiple 

trading partners with demand, fulfillment, and logistics execution roles. Suppliers provide raw materials to 

manufacturers who sell finished goods to distributors. Retailers place volume orders with distributors and 

parcel orders with manufacturers. Supply chain flows among trading partners include material flows 

(physical flows of goods) and information flows (flow of information related to the orders, inventory, etc.). 

The objective is to identify all supply chain trading partners and their material and information flows. 

Following this identification, these flows will be included within a supply chain mapping tool. The mapping 

will enhance understanding of the various partners and flows, serving as a foundation for the next steps of 

the predictive integration road map. 

 

Fig 2: Supply Chain Mapping 

3.2. Data Molding and Quality Baselines                               The quality and availability of data are 

essential to predictive supply chain operations. Poor-quality data misdirect decision-making, while data 

scarcity leads to lost integration opportunities. The supply chain data landscape was therefore mapped, and 

existing sources were assessed against six quality dimensions: availability, timeliness, accuracy, 

completeness, and lineage. Baselines were set for each dimension to enable application of predictive 

analytics in subsequent stages. 

Data Evaluation and Quality Baselines Future predictive use cases specific to the supply chain will 

invariably require new datasets. For example, OPC modelling requires a list of all transportation routing 

options with their operational costs and time delays; disturbance mitigation relies on the detection and 
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monitoring of events signals such as terrorist activities or road blockages; service level optimization 

considers airlift capacity and price fluctuations; anomaly detection monitors inventory levels; and 

prediction-Approach forecasting demand for supply chain-integrated stock-keeping units. Actual predictive 

capabilities are only attainable when sufficient supporting data is sourced from upstream and downstream 

partners. 

When identifying data-availability constraints, stakeholders considered two questions: Which supply-chain 

datasets can be accessed in the timeframe requested? And if the requested data is not available to meet the 

required quality or integrity test, what other data could still be relevant? A six-dimensional framework 

assessing availability, timeliness, accuracy, completeness, lineage, and security quality of priority datasets 

concluded with the formulation through collective discussion by the data stakeholders of breaching 

thresholds to guide future data-generation efforts. 

3.3. Performance Benchmarks                                            Baseline Key Performance Indicators (KPIs), 

tolerance bands, and historical trends for demand, inventory, lead times, and service levels are established. 

Existing demand data is consolidated and analyzed to identify patterns and anomalies. KPIs are 

benchmarked against previous performance. 

The primary drivers of demand variation should be understood and articulated, in order to aid the success 

of forecasting. Recognizing and measuring the direct impact of prices on supply-and-demand behavior is 

also important. The demand for a given item can be modeled as the outcome of its price and the prices of 

all other influencing items. Price elasticity of demand enables planners to predict demand more accurately 

under expected demand-shaping initiatives. Price elasticity of associated items—complementary and 

substitute relationships—sets the stage for leveraging price sensitivity to maximize margin performance. 

Marketing requests for pricing changes should be supported with demand-association forecasts. 

4. Predictive Capabilities and Use Cases 

Phase 2 seeks to embed predictive analytics into the decision-support ecosystem, with prioritized use cases 

defined by their systemic importance and potential to elevate supply chain performance and resilience. 

Initial focus areas span demand forecasting, inventory optimization, replenishment planning, logistics 

network configuration, and risk monitoring. When formally established, these predictive capabilities will 

continue to widen in scope and horizon, guided by a progressive maturity model addressing data quality, 

model accuracy, explainability, result interpretation, and ease of use. 

Use cases directly supporting logistics transformation include demand forecasting at transport nodes and 

inventory optimization at wholesale distributors. Additional phase-2 capabilities are logistics network 

replenishment with data-sharing assumptions and reinforcement of information-flows for risk detection 

and response to supply-side anomalies. Underlying phase-2 asset development is a requirements-led 

approach to information-economics calibrated for successive layers of decision-support prediction. 

Demand-forecasting horizons range from week ahead, across five product levels, to month ahead for 

seasonal peaks and scenarios of supply-side disruption. Inventory optimization focuses on cost 

minimization across service-level constraints. Logistics replenishment encompasses network models for 

distribution from the wholesale hub to retail nodes, routing options, warehouse capacity, and cost-service 

levels. Further capabilities, spanning import and export requirements, detection and mitigation of 
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anomalies, and alignment of supply with demand, are embedded in the Logistics Transformation 

Programme (LTP) Phase 2. 

 

4.1. Demand Forecasting and Inventory Optimization Demand is typically forecasted for a time 

horizon of 13 months, albeit with granularity that varies by supply chain component. Daily forecasts are 

generated for each selling location of finished goods. Forecasts for cost-relevant decisions such as 

replenishment and logistics network optimization typically use a 2-3 month time horizon. In such cases, 

detail is usually added only around weeks 1-3 of the forecast period and subsequently for the peak shopping 

season or for special events. In some instances, overlay scenarios are developed to support logistics 

investment decisions. Forecasts are used to optimize inventories at different levels of the supply chain, 

balancing service levels against supply chain costs with appropriate levels of demand uncertainty. 

Demand forecasting, inventory optimization, and lead time reduction are high-level drivers of supply chain 

success. Gaps or lags in these predictive capabilities can give rise to overly conservative stock levels, 

prolonged stockouts, delayed deliveries, unresponsive production plans, or increased transport costs. In 

more complex predictive environments, demand forecasts can also establish the need for contingency 

preparation if lead times are substantially out of tolerance. Ideally, inventory is optimized via a detailed 

inventory optimization exercise at least once a quarter, and at least annually when demand uncertainty is 

extreme. Inventory reevaluation considers the level of safety stock as well as order quantities, order 

intervals, order lags, etc. These factors can also be configured as an overlay to the demand forecast, enabling 

rapid interactive decision support. 

Equation 3: Inventory optimization (cost minimization with service-level constraints) 

Let: 

• 𝐷 = demand rate (units/year or units/day) 

• 𝑆 = fixed ordering/setup cost (currency/order) 

• 𝐻 = holding cost (currency/unit/year or /day) 

Total annual cost as a function of order quantity 𝑄: 

• Ordering cost: number of orders/year is 𝐷/𝑄, so: 
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  𝐶order(𝑄) =
𝐷

𝑄
𝑆 

• Holding cost: average inventory is 𝑄/2, so: 

  𝐶hold(𝑄) =
𝑄

2
𝐻 

Total: 

𝐶(𝑄) =
𝐷

𝑄
𝑆 +

𝑄

2
𝐻 

Differentiate and set to zero: 

𝑑𝐶

𝑑𝑄
= −

𝐷𝑆

𝑄2
+
𝐻

2
= 0 

Solve: 

𝐻

2
=
𝐷𝑆

𝑄2
⇒ 𝑄2 =

2𝐷𝑆

𝐻
⇒ 𝑄∗ = √

2𝐷𝑆

𝐻
 

Let: 

• 𝐿 = lead time (days) 

• daily demand mean 𝜇𝑑, std dev 𝜎𝑑 

• desired cycle service level corresponds to a 𝑧-value (e.g., 95% ≈ 1.65) 

Demand during lead time mean: 

𝜇𝐿 = 𝜇𝑑𝐿 

Std dev during lead time (assuming independent daily demand): 

𝜎𝐿 = 𝜎𝑑√𝐿 

Safety stock: 

𝑆𝑆 = 𝑧𝜎𝐿 = 𝑧𝜎𝑑√𝐿 

Reorder point: 

𝑅𝑂𝑃 = 𝜇𝐿 + 𝑆𝑆 = 𝜇𝑑𝐿 + 𝑧𝜎𝑑√𝐿 

Bar chart produced (illustrative): 

• 𝑅𝑂𝑃 decomposition into 𝜇𝐿 and 𝑆𝑆 
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4.2. Replenishment and Logistics Network Optimization Replenishment and Logistics Network 

Optimization encompasses the strategic examination of multiple planning horizons—spanning tactical to 

operational phases—that can be addressed more holistically at the same time through joint modelling. The 

core requirements of supply and distribution network modelling are outlined, covering query topics such 

as supply and production replenishment planning and the determination of distribution routes, transport 

modes, and vehicle capacities. 

For long-term capacity planning decisions, the goal is to define how much asset capacity is needed where, 

for which transport modes, in which networks, and for which service-level trade-offs. These decisions also 

require consistently up-to-date demand forecasts on the same granularity as the supply network—in 

principal aggregation or disaggregation levels, for which demand forecasting is one key input. However, the 

level-of-detail span for the replenishment network models is usually tactical or operational; capacities are 

typically considered fixed over the planning horizon, and lead-times are also known. Indeed, tactical 

capacities can also be determined along with tactical replenishment planning if a logistic cost trade-off for 

reshuffling is modelled. 

4.3. Risk Monitoring and Disruption Mitigation                Alerts and indicators within predictive 

analytics strengthen the resilience of complex supply chains by supporting early detection of abnormal 

conditions relevant to planning and operations. Abnormal demand patterns and other warning signals 

inform contingency preparations through predefined mitigation strategies ready for immediate execution 

when needed. Suggested dashboards identify issues requiring immediate attention and enable further 

assessment and analysis. Actual events and notifications inform updates to data quality targets, thresholds, 

and key indicators. 

Anomaly detection highlights patterns deviating from the norm, with established thresholds for relevant 

key performance indicators (KPIs). Alerts are configured for rapid notification of planned thresholds, 

complemented by monitoring of any abnormal supply disruptions (such as carrier strikes) or demand 

fluctuations (ranging from extreme weather to global sporting events). In preparation for such potential 

impacts, the business can define decision rules for early actions and specify any auxiliary tasks required to 

facilitate rapid execution. For example, elastic inventory targets provide guidance on adjusting stock 

inventories to manage risk exposure levels, with specific conditions defined for when to increase, decrease, 

or maintain safety stock at the affected locations. 

5. Architectural Blueprint for LTP Phase 2 

Logistics Transformation Program (LTP) Phase 2 requires a comprehensive architectural blueprint for 

predictive integration, directing investments in people, processes, technology, and tools. The architecture 

comprises three interconnected layers of data, analytics, and applications, detailing sources and targets, 

modeling techniques, operational dashboards, and underlying governing structures. 

Data Layer and Integration Strategy 

The analytics environment relies on fast data—current, high-quality, and accessible for all analytical 

requirements and models, including machine learning. Continual ingestion from external and internal 

sources must establish an enterprise-wide catalogue of components for digital twins of products, services, 
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and underlying data assets. Gaps in data source availability, filtering, enrichment, and semantic 

interoperability must also be addressed. 

The data strategy supports consumption for operational models—the foundation of predictive integration—

while ensuring flexibility for future developments. All elements of a fast-data strategy, from new data 

pipelines to injection and mapping into the analytics platform, must be designed, built, and tested in LTP 

Phase 2. Identity and access management for data consumption across multiple LTP solutions is also 

required. 

5.1. Data Layer and Integration Strategy                         Governing the storage, security, and quality of 

all data across the predictive integration analytics platform entails a physical data layer that supports data 

ingestion and storage, algorithmic pipelines for data enrichment and transformation, and a cloud-based 

data lake for integrated storage and sharability. Each business function within the supply chain predictive 

analytics capability contributes specific data sources—actual results, forecasts, or supply data—and has 

dedicated workflows to govern accessible supply chain data, which the predictive supply chain algorithms 

use. 

Data Layer and Integration Strategy | Supply Chain Predictive Integration 

Data sources encompass sales and demand signals; service, stock, and lead-time information; SIOV 

warnings; supply plans; projected capacity; planned logistics; actual orders; transportation times; and 

alerts. Data quality assessments cover availability, sourcing, timing actuality, accuracy, completeness, 

transformation fitness, pedigree from source to destination, and monitoring settings. Success hinges on 

establishing and continually justifying the lack of these inputs. The baseline should further offer insight into 

the availability of supporting data and any wider data availability and quality obstacles. 

Predictive supply integration analytical applications accept dedicated responsibility for maintaining these 

critical datasets and ensure that any forecast, computed statistic, or supply-related information is readily 

understandable. Traffic-light-style dashboards provide governance support. The effectiveness of these 

predictive integration layer quality-related functions will be evidenced by its ability to operate and provide 

confidence in the analytics results without continued manual input or management effort. 

 

              Fig 3: Architecture of big data-driven sustainable logistics optimization methodology 
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5.2. Analytics Layer and Modelling Techniques                   Phase 2 of the Logistics Transformation 

Program will establish predictive supply chain capabilities deemed critical for enhanced decision-making 

in planning, operations, and stakeholder engagement. Comprehensive coverage of high-value modelling 

and analytics for the most vital use cases will be addressed, including model selection, validation, 

interpretability requirements, and performance monitoring. Predictive capabilities will initially be 

developed in isolation while broader delivery through future iterations of the program will be informed by 

deliberations on the design of a data ecosystem. 

Demand forecasting, inventory optimization, replenishment, routing, transportation capacity planning, 

service-level trade-offs, risk monitoring, and disruption mitigation represent the foundational capabilities 

required for a predictive supply chain in Phase 2 of the Logistics Transformation Program. These 

capabilities serve as the initial use cases and extend across various trading partners and functions, aligning 

stakeholders through enhanced data availability, baselining, scenario-planning, and decision support. 

While predictive capabilities will be established as quickly as practicable, future phases of the Logistics 

Transformation Program are expected to build towards a more advanced, enterprise-wide predictive 

ecosystem supported by a cohesive data layer. 

Equation 4: Replenishment + logistics network optimization (LP / min-cost flow form) 

Let 𝑥𝑖𝑗  be shipment quantity from node 𝑖 to node 𝑗. 

If 𝑐𝑖𝑗  is per-unit shipping cost: 

min∑𝑐𝑖𝑗
(𝑖,𝑗)

𝑥𝑖𝑗 

Supply constraints (at sources 𝑖): 

∑𝑥𝑖𝑗
𝑗

≤ 𝑠𝑖 

Demand satisfaction (at sinks 𝑗): 

∑𝑥𝑖𝑗
𝑖

≥ 𝑑𝑗 

Capacity constraints (route/mode capacity): 

𝑥𝑖𝑗 ≤ 𝑢𝑖𝑗  

Service-level / time constraints (one common way): 

If 𝑡𝑖𝑗 is transit time and you need average time ≤ 𝑇max: 

∑ 𝑡𝑖𝑗𝑖,𝑗 𝑥𝑖𝑗
∑ 𝑥𝑖𝑗𝑖,𝑗

≤ 𝑇max 

(or enforce only on allowed arcs: permit arcs only where 𝑡𝑖𝑗 ≤ 𝑇max.) 
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This is the mathematical “engine” that operationalizes the paper’s network optimization narrative. 

5.3. Application Layer and Operational Dashboards               To realize the objectives of Phase 2, an 

ecosystem of models and analysis tools must be developed. It may not always be feasible for line-of-business 

personnel to access the source systems, run the models, and interpret the results. Integration of the models 

into user-friendly dashboards and operational applications would facilitate decision support, alert users to 

unusual trends, and link the predictive analyses to business operations. Furthermore, the representations 

of the predictive analysis results must be interpretable to enable trust in the predictions and support 

scenario evaluation. The architecture for the application layer is specified below. 

Key models and analysis tools should be incorporated into dashboards or applications tailored to the 

particular stakeholders. As a minimum, dashboards for demand forecasting and inventory optimization, 

replenishment planning and logistics network optimization, and risk monitoring and disruption mitigation 

are recommended. These dashboards should enable stakeholders to evaluate and interpret the predictive 

analyses and embedded decisions. Users should be notified when the predictive mechanisms indicate 

significant deviations from business-as-usual conditions and support exploration of the causes, 

implications, and possible responses. 

The demand forecasting and inventory optimization dashboard should facilitate evaluation of demand 

forecasts and associated inventory-positioning decisions. Recommended attributes of demand forecast 

assessment are granularity, forecasting horizon, and overlay of renewal scenarios. A replenishment-and-

logistics-service-level-optimization dashboard would support analysis of trade-offs among service-level 

targets, routing options, transportation capacity, and storage capacity within the restocking network. For 

risk monitoring and disruption mitigation, the dashboard should assist investigation of detected anomalies 

and support exploration of early warnings and sensitivity factors. Based on business priorities, additional 

dashboards may be defined and developed. 

6. Implementation Roadmap 

6.1. Phases, Milestones, and Deliverables 

The predictive integration initiative encompasses three phases of analytical capability development over a 

two-year period, with associated milestones and deliverables for validation and transition to operational 

use. The activities for Phase 1, focused on the establishment of demand forecasting and inventory 

optimization models, are already in progress. Success will be measured against the delivery of associated 

artifacts and a formal change-management program, including training for model adoption and steering 

committees for ongoing oversight. Subsequent work on the replenishment process and its supporting 

logistics optimization model, as well as risk-monitoring mechanisms, will follow the same design-validate-

transfer framework. Future phases may widen the geographical scope, adapt for predictive applications of 

interest to manufacturers, and enable explorations of new demand signals. 

6.2. Change Management and Workforce Readiness 

With company-wide change of this magnitude, adequate preparations must be undertaken to ensure 

successful uptake. For Phase 1, two categories of user training are envisaged. Predictive analytics steering 



Journal of Information Systems Engineering and Management 
2024, 9(4s) 

e-ISSN: 2468-4376  

 

https://jisem-journal.com/ Research Article  

 

3295 
Copyright © 2024 by Author/s and Licensed by JISEM. This is an open access article distributed under the Creative 

Commons Attribution License which permits unrestricted use, distribution, and reproduction in any medium, provided the 

original work is properly cited 

parties will receive full details on methodology and interpretation, enabling effective governance and 

oversight. Other supply chain personnel will learn how the ingestion of new inputs into the forecasting and 

inventory models will happen, what alerts will be generated, and how outcomes can be used to optimize 

decision-making. A complete change-management plan will track progress and quality across all these 

areas, and will be integrated into the monitoring of all predictive activities throughout the LTP programme. 

These detailed observations will help uncover shortcomings, adapt user support as needed, and ensure 

ongoing data quality. 

6.3. Data Quality Improvement Plan 

Predictive supply chain analytics relies heavily on the quality of the data that is ingested. Phases 2 and 3 of 

the programme will therefore scope the most urgent need for improvement, followed by the definition of a 

data-quality improvement plan. The process will validate the seriousness of individual data-quality issues, 

their expected impact, and the effort required for resolution. For predictive use cases in Phase 1, any 

outstanding data-quality concerns will be flagged for the Steering Committee's awareness. 

 

6.1. Phases, Milestones, and Deliverables                               The implementation roadmap comprises 

five distinct phases, each characterized by specific milestones and deliverables. Associated timelines, 

success criteria, and major outputs are outlined in the accompanying table. While predictive integration is 

a core component of Logistics Transformation Program (LTP) Phase 2, these activities represent only one 

of several interrelated workstreams addressing different aspects of predictive capability. 

The integrated supply chain decision-support ecosystem is intended as a prototype. Thus, changes to 

operational practices are kept to a minimum, and success depends primarily on the quality and availability 

of data rather than development of new models. Consequently, implementation and operationalization of 

the underlying data strategy, modelling architecture, and integration with existing governance roles 

represent the primary success criteria for this phase. 

Equation 5: Risk monitoring + anomaly detection equations (thresholding) 

For KPI 𝑌𝑡 (e.g., demand, lead time, inventory): 

𝑧𝑡 =
𝑌𝑡 − 𝜇

𝜎
 

Alert rule: 
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|𝑧𝑡| > 𝑧thr 

Where 𝑧thr might be 2.5 or 3 depending on sensitivity. 

Let base safety stock be 𝑆𝑆0. Define a risk score 𝑅𝑡 (0–1) from monitored signals. 

A simple mapping: 

𝑆𝑆𝑡 = 𝑆𝑆0  (1 + 𝜆𝑅𝑡) 

Decision rule: 

• If 𝑅𝑡 high → increase safety stock 

• If 𝑅𝑡 low → return toward baseline 

This matches the paper’s idea of conditions to “increase, decrease, or maintain safety stock.” 

6.2. Change Management and Workforce Readiness             User adoption represents the lifeblood 

of any predictive environment, and an adoption strategy for end users must be an integral part of any 

predictive integration initiative. Adoption should be considered throughout the project, starting at the first 

stages of use-case and feature prioritization and moving through delivery and beyond. Change management 

concerns and activities can be organized into three areas of focus: end-user training and enablement; 

measurement of adoption and value realization; and evolution of the governance model. 

Training and enablement will range from formal classroom training for advanced users to informal 

luncheon learnings for day-to-day users of the capabilities. The goal is to provide end users with the 

knowledge and confidence to use the analytics environment effectively. Adoption of predictive analytics 

capabilities within the supply chain should be measured through the analysis of adoption metrics, with 

reports provided via the decision-making hierarchy. As adoption grows, it will be important to evolve the 

roles and responsibilities associated with governance to ensure continued success. 

6.3. Data Quality Improvement Plan                                         To support predictive supply chain 

integration, the remediation of incomplete, inaccurate, untimely, inconsistent, and untrustworthy data 

requires a data quality improvement plan that addresses these issues across the entire supply chain 

decision-support ecosystem. Such a plan encompasses data cleansing, enrichment, and validation exercises 

implemented as part of a dedicated work stream, as well as ongoing business-as-usual data stewardship, 

maintenance of data quality dashboards, and periodic third-party audits. 

Improvements during the initial phases of the integration program are underscored by the construction of 

data quality dashboards that provide visibility into the timeliness, accuracy, completeness, and consistency 

of the data flowing through the system. These dashboards leverage heuristics from business rules or 

machine learning to highlight data quality issues, and measurements against thresholds set jointly by data 

owners and system developers trigger corrective action. Over time, as the volume of data flowing through 

the system increases and users with varied technical expertise begin ingesting structured unlabeled data 

into the system, these dashboards evolve to effectively catch high-impact errors based on historical 
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precedence. To ensure that user knowledge captures business-relevant quality signatures but is not 

sensitive to dynamic usage patterns, they also incorporate explanatory labels facilitating sampling 

suspicion-based anomalies. 

Once such issues and monitoring mechanisms are in place, the organization engages a third party to 

perform a data quality audit and identify additional remediation needs. External support is especially 

valuable for technical data-filling improvements, such as cross-validation and the use of publicly available 

databases to improve historical data quality in absence of backfilling. Thereafter, an enabler workload 

modeled on the analytics layer described earlier sets up regular expression-based fill-in processes for high-

traffic data channels. 

7. Conclusion 

Predictive integration encompasses the growing body of predictive analytics techniques and applications 

characterized by the availability of quality data and high-quality modeling. The next waves of these 

capabilities—beyond Phase 2 of the Logistics Transformation Program—are natural extensions of the 

predictive foundation. 

As supply chain partners invest in advanced data capabilities and analytics in preparation for Automation, 

Artificial Intelligence and Machine Learning, Digital Twins, the Focus on Data and Cloud, and Intelligence 

Augmentation, attention must also be turned to how these new capabilities will connect to one another and 

contribute to truly integrated decision-support ecosystems. 

Predictive integration principles call for exploring value-creation opportunities on a data-specific basis. 

Predictive capabilities must be grounded in information-focused roadmaps that articulate senior-

management expectations of value, risks, and ongoing data investment decisions. Data-driven decision 

rights need to be clarified and communicated. Furthermore, the quality of data that supports predictive 

capabilities must also be an integral consideration. 

7.1. Future Trends                                                                The availability of predictive capabilities, data 

quality requirements, and supply chain mapping techniques represents a current-phase snapshot. The 

CDIO is responsible for expanding these techniques along three dimensions: geospatial, predictive, and 

community. Predictive Supply Chain Integration Phase 3—Predictive Supply Chain Integration Phase 4 will 

provide a concept-of-operations framework, clustering priority predictive capabilities at the analytic layer, 

generative-use internal data sources, and selecting emerging community actors. 

The rapid emergence of advanced analytics now supports natural-language data intersections, which 

generates descriptive dashboards combining data from previously nonintegrated domains with sufficient 

performance for strategic decision-making. Industry participants across other domains will soon achieve 

direct-query predictive support without the need for functional-expert involvement in model generation 

and validation. Preliminary no-code platforms have already demonstrated satisfactory predictive 

performance for demand-generation indicators of short to medium duration. 

The incorporation of privacy-preserving federated learning into logistics-relevant marketplaces will enable 

predictive support for multiple intervening actors with little additional specific effort—much as dedicated 
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master data products are now growing for product, location, and asset data. Considerable care in design 

and clear prioritization of real ownership of the predictive capability is, once again, essential for operational 

applicability. Predictive Supply Chain Integration beyond Phase 2 will strive to close the current 

transformational gap in predictive-led end-to-end true-supply-chain capabilities, extending data-product 

offerings and data-quality enhancement commensurately. 
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