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Abstract

Enterprise planning has progressed from experience-based judgement and spreadsheet calculations to enterprise
resource planning, advanced planning systems, statistical forecasting, machine learning, artificial intelligence, digital
visibility and emerging Al-agent architectures. Yet organizations across industries continue to experience stock-outs,
excess inventory, revenue leakage, procurement delays, working-capital pressure, planner overrides and fragmented
decisions. This persistent paradox suggests that forecasting accuracy, although important, is not by itself an adequate
measure of enterprise planning performance.

This conceptual article proposes Enterprise Supply Chain Decision Intelligence (ESDI) as a management discipline
that integrates Statistical Intelligence, forecasting science, machine learning, artificial intelligence, Al Agents,
inventory science, procurement, warehousing, finance, governance, human expertise and continuous organizational
learning. The framework does not seek to replace established forecasting methods. Instead, it proposes that demand
behaviour should be understood before a forecasting method is selected; forecasts should be evaluated in the context
of business decisions; and Al should translate intelligence into explainable, constraint-aware and measurable
enterprise action.

The article introduces several proposed constructs: the Statistical Intelligence Layer, the Enterprise Forecast Selection
Engine (EFSE), the Decision Cascade Framework, the Enterprise Demand Genome (EDG), the Al Agent Governance
Framework and an Enterprise Decision Performance perspective. The EDG is proposed as a dynamic behavioural
decision profile that extends static enterprise master data by capturing demand behaviour, lifecycle, variability,
seasonality, promotion sensitivity, supply characteristics, margin, inventory policy, forecast confidence, Al confidence
and learning history.

The article is intentionally industry neutral. Retail, manufacturing, healthcare, pharmaceuticals, automotive,
electronics, consumer goods and distribution are treated as application contexts rather than as the basis of the theory.
The contribution is conceptual and requires empirical validation. The central proposition is that organizations
increasingly compete not merely through operational efficiency or forecast accuracy, but through the quality, speed,
explainability, accountability and continuous improvement of enterprise decisions.
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1. Introduction: The Enterprise Planning Paradox

Over the past half-century, organizations have invested heavily in technologies designed to improve planning and
supply chain performance. ERP, MRP, WMS, APS, business intelligence, cloud computing, machine learning,
artificial intelligence, RFID, IoT, robotics and digital twins have transformed the technological landscape. Never
before has so much enterprise data been available, and never before have organizations possessed such computational
capability.

Nevertheless, recurring business problems remain. Retailers may lose sales because products are unavailable when
customers want them. Manufacturers may hold excessive inventory while still experiencing shortages of critical items.
Procurement teams may expedite orders at premium cost. Warehouses may be congested while downstream locations
experience shortages. Finance leaders may question why working capital increases without a proportionate
improvement in service.

“Organizations have become increasingly intelligent in generating information, but not proportionately intelligent
in making enterprise decisions.”

This article calls this condition the Enterprise Planning Paradox. The paradox is not simply technological. It is
managerial and architectural. Forecasting, procurement, inventory, finance and operations can each become highly
optimized while the enterprise remains poorly coordinated.

The proposed response is to move the primary unit of analysis from the forecast to the decision. Forecasting remains
essential, but its value is realized only when it leads to an appropriate enterprise action.

1.1 From Prediction to Decision

Planning Question Prediction-centric approach Decision-centric approach
. What demand of behaviour exists and
Demand What will demand be? . .
what uncertainty surrounds it?
Which  validated  method  is
Forecasting Which model should be used? appropriate for this behaviour and
decision?
What service, capital and risk trade-
Invento How much stock is required? ’
4 q off should be accepted?
. What quantity, timing, source and risk
Procurement What quantity should be ordered? d . Y 8
are economically executable?
. .. What is the financial consequence of
Finance What is inventory value? .. a
the decision?
Lo Can Al explain, recommend, act
Al Can Al predict it? s P
within controls and learn?
Did the decision create measurable
Management Was the forecast accurate? .
enterprise value?

2. Evolution of Enterprise Planning

The source framework identifies a progression from experience-based planning to ERP-based planning, statistical
planning, Al-enabled planning and a proposed fifth stage: Enterprise Supply Chain Decision Intelligence. This
evolution should not be interpreted as a replacement sequence in which each stage makes the previous stage obsolete.
Rather, each stage contributes a capability that can be integrated into a more complete decision architecture.
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Stage Primary focus | Typical capability Remaining limitation
Planning 1.0 — Planner knowledge and manual | Knowledge concentrated in
. Judgement o o
Experience estimation individuals
Planning 2.0 — . e . .
ERP g Transactions Integrated records and visibility Decisions remain largely manual
Planning 3.0 — - Time-series and quantitative | Coordination across functions
. Prediction . L
Statistical forecasting remains limited
Planning 4.0 — . ML, demand sensing, nonlinear | Explainability, governance and
Intelligence - .
Al prediction execution gaps
Planning 5.0 — | Decision Integrated intelligence, decisions, | Requires empirical validation
ESDI quality governance and learning and organizational adoption

DATA — STATISTICAL INTELLIGENCE — ML — Al — AI AGENTS — ESDI — ENTERPRISE
DECISIONS — BUSINESS PERFORMANCE — ORGANIZATIONAL LEARNING

Figure 1. Proposed evolution from enterprise data to continuous decision learning.

3. Literature Review: From Forecasting Science to Decision Science

Demand forecasting has developed across Statistics, Operations Research, Supply Chain Management, Industrial
Engineering, Business Analytics and Artificial Intelligence. The supplied research resource organizes this evolution
into descriptive forecasting, statistical forecasting, enterprise planning, machine learning and an emerging decision-
intelligence orientation. Established forecasting practice emphasizes understanding the time series before modelling it;
modern forecasting references also stress the importance of time-series features and model evaluation. Hyndman and
Athanasopoulos, for example, organize forecasting practice around exploratory analysis, forecasting methods,
accuracy evaluation and practical implementation. (Hyndman & Athanasopoulos, 2021)

Classical statistical methods remain important because they provide mathematical structure, transparent assumptions,
error measurement and uncertainty reasoning. Operations Research contributes optimization for inventory,
transportation, warehouse, scheduling, production and capacity problems. Supply Chain Management contributes
integration of procurement, logistics, warehousing, distribution, supplier collaboration, S&OP and resilience.

Machine learning expands the number and complexity of variables that can be considered. XGBoost, for example, is a
scalable tree-boosting system designed for large-scale learning problems. (Chen & Guestrin, 2016) Prophet was
introduced as a practical approach to forecasting at scale, combining configurable models with analyst-in-the-loop
performance analysis. (Taylor & Letham, 2018) Intermittent demand has its own methodological history: Croston's
work explicitly separated demand size and demand frequency because conventional exponential smoothing can
produce inappropriate stock levels for intermittent demand. (Croston, 1972)

The source framework identifies a further shift: AI Agents can observe events, reasons, initiate workflows, collaborate
with humans and learn from outcomes. The research gap proposed here is therefore not that forecasting methods are
unavailable. It is that forecasting methods, Al, inventory policy, procurement, finance, governance and organizational
learning are often treated as separate domains rather than as components of one enterprise decision architecture.

3.1 Research Gaps Identified by the Framework
e Forecast accuracy remains a dominant performance objective, while enterprise decision quality receives
comparatively less attention.
e Forecasting methods are frequently evaluated independently rather than as components of an enterprise
decision architecture.
e Organizations may standardize one forecasting method across products with substantially different demand
behaviour.
e Statistical forecasting, machine learning and Al are often presented as competing technologies rather than
complementary layers.

© Author(s). This work is peer-reviewed, openly published, and permanently archived
This article is openly accessible and reusable with proper attribution.
https://ijsmt.org/ , Email: editor@ijsmt.org 3



https://ijsmt.org/
mailto:editor@ijsmt.org

(,4,40 International Journal of Science, Strategic Management and Technology oFEN™ ACCERS
[y

Volume 02 Issue 08 August-2026 | ISSN: 3108-1762 (Online) | Impact Factor: 3.8
M An International, Peer-Reviewed, Open Access Scholarly Journal Indexed in recognized academic databases

o Al-agent applications in supply chain management are emerging but remain fragmented across individual
tasks.

e Governance, financial consequences, organizational trust and explainability are not always integrated with
forecasting design.

3.2 Research Positioning

ESDI is therefore positioned as a synthesis rather than a replacement theory. Statistics provides the scientific
foundation; Operations Research contributes optimization; Supply Chain Management contributes process integration;
Al contributes predictive and pattern-recognition capability; Al Agents extend intelligence toward action; and
governance provides accountability. ESDI proposes that these capabilities should be coordinated around enterprise
decisions.

4. Enterprise Supply Chain Decision Intelligence (ESDI)

ESDI is proposed as a management discipline that integrates Statistical Intelligence, Artificial Intelligence, Al Agents,
Supply Chain Management, Financial Intelligence, Explainable Decision Systems and Human Expertise to
continuously improve enterprise decision quality across the end-to-end supply chain.

ESDI is not a software application, not another forecasting algorithm and not a replacement for Supply Chain
Management. It is a decision framework through which forecasting, planning, procurement, inventory, warehousing,
logistics, finance and executive governance become coordinated components of one enterprise decision ecosystem.

4.1 The ESDI Philosophy
e Prediction does not create enterprise value by itself; decisions create enterprise value.
e Different business problems require different analytical methods; no forecasting model is universally optimal.
e Statistical Intelligence is a foundation for trustworthy Al because probability, variation, error and uncertainty
must remain visible.
e Human expertise and Al are complementary; Al provides scale and pattern recognition while humans provide
context, judgement and accountability.
e Continuous learning is a defining capability of intelligent enterprises.

4.2 The ESDI Manifesto
e Organizations compete through decision quality rather than forecasting accuracy alone.
e Forecasting represents only one component of enterprise planning.
e Every material forecast should lead to a measurable enterprise decision.
e Supply Chain Management should integrate demand, procurement, inventory, warehousing, logistics, finance
and governance.
e Al recommendations should be explainable before organizations delegate material decisions.
e Al Agents should operate as accountable digital knowledge workers alongside human professionals.
e Enterprise decisions should be measurable, explainable, auditable and continuously improvable.
e Statistical Intelligence provides an important transparency layer for Al
e Organizational learning is a strategic source of sustainable advantage.
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STRATEGIC: Board ¢ CEO <« Business Model ¢ Capital < Supply Chain Design
l

TACTICAL: Demand Planning ¢ Procurement ¢ Inventory Policy ¢ Pricing * Promotion ¢ Vendor

Management

!
OPERATIONAL: Purchase Orders * Replenishment ¢ Allocation * Transfers ¢« RFID Monitoring

!
TRANSACTIONAL: Sales * Receipts * Issues * Transfers ¢ Invoices * Returns

Figure 2. Enterprise Decision Pyramid

5. Statistical Intelligence: The Scientific Foundation of Al

The source framework proposes Statistical Intelligence as a managerial capability rather than a collection of
mathematical formulas. Statistical Intelligence is defined as the disciplined application of statistical reasoning,
probability, quantitative analysis and evidence-based interpretation to transform enterprise data into explainable
business decisions.

Statistics begins with observation. A planner noticing higher variability is interpreting dispersion; a buyer recognizing
recurring pre-event demand is recognizing seasonality; a finance manager noticing declining inventory turnover is
interpreting a trend. Mathematical methods provide a disciplined language for these observations.

Layer Question Typical capability

Data What happened? Transactions and measurements
Descriptive statistics What is typical? g;[;??gution?edian’ dispersion,
Probability How uncertain is it? Risk and confidence

Time series How does it evolve? zljte:jc;rrelation seasonality,
Forecasting What may happen? Prediction

Optimization What alternative is best? Resource and policy optimization
Decision intelligence What should the enterprise do? Coordinated action

5.1 Principles of Statistical Intelligence
e Measure before predicting.
e Explain before automating.
e Understand variation before changing policy.
e Correlation does not imply causation.
e Every forecast contains uncertainty.
e Business context matters alongside mathematics.
e Statistical models should support rather than replace responsible human judgement.
e Decisions should be evidence-based.
e Learning never stops.
e Statistical Intelligence exists to improve enterprise decisions.
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BOARD / EXECUTIVE DECISIONS
A
ESDI
A
Al AGENTS
A
Al
A
MACHINE LEARNING
A
STATISTICAL INTELLIGENCE
A
ENTERPRISE DATA

Figure 3. Statistical Intelligence Pyramid

6. Understanding Demand Before Forecasting Demand
“Demand Behaviour First. Forecast Formula Second.”

A central proposition of the source framework is that the first question should not be "Which forecasting formula
should we use?' The first question should be "What type of demand are we trying to forecast?' Products within the
same category may behave differently because of lifecycle, seasonality, promotion, price, customer preference, supply
constraints and external events.

Tvoical decisi
Demand behaviour Characteristics Candidate methods ) ypl.ca . ecision
implications
Moving Average;
Consistent, | Weighted Movi . :
Stable OI.ISIS. G.:n . o c1ete OVl?g Routine replenishment
variability, long lifecycle | Average; =~ Exponential
Smoothing
Persistent increase or . .
Trend Holt; Regression Trend-sensitive supply
decrease
Recurring seasonal | Holt-Winters;  Prophet; .
Seasonal Pre-positioning
pattern Seasonal Index

Rani
Fashion / short lifecycle apid - acceptance and

Similarity; ML; Al

Frequent review and risk

occasional demand

SBA; ML

decline control
A% hort 1li XGBoost; Rand
Fast-changing / viral fery Sho s.e e o0st an ‘om Rapid response
window, external signals | Forest; Demand Sensing
R ion; 1 t lift fi
Promotional Artificial demand spikes CEression; Causa Separ'a © U rom
models baseline
. Long zero periods and | Croston-type methods; | Service-level and stock-
Intermittent

risk focus

The framework also recognizes increasing, declining, random, new-product and end-of-life patterns. The seven-

category structure is a practical classification, not a claim that demand can only take seven forms.
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7. Enterprise Forecast Selection Engine (EFSE)

The Enterprise Forecast Selection Engine is proposed as the mechanism through which demand behaviour drives
method selection. Its purpose is not to create a new forecasting algorithm but to prevent the inappropriate use of one
method across heterogeneous demand.

BUSINESS SIGNALS

l
DEMAND BEHAVIOUR CLASSIFICATION

l
FORECAST METHOD SELECTION

|
FORECAST GENERATION

|
INVENTORY POLICY

l
PROCUREMENT DECISION

l
WAREHOUSE / ALLOCATION

|
REPLENISHMENT

l
FINANCIAL IMPACT

l
ENTERPRISE LEARNING

Figure 4. Enterprise Forecast Selection Engine decision cascade.

The EFSE should evaluate candidate methods against an appropriate baseline and should consider forecast error, bias,
confidence, business context, decision horizon and operational consequences. The framework does not claim that one
method such as Prophet, XGBoost or exponential smoothing is universally superior. Instead, the method is selected
because it fits the demand behaviour and decision context.

7.1 Forecasting Method Reference

Pri
Method Best suited to Core idea rlnfary
caution
Weak under
Naive Very stable baseline Next period resembles recent/last value structural
change
. . Can lag turning
Moving Average | Stable demand Average recent observations points
Weighted Becent observations more Weighted historical average V\.’ei'gh‘Fs require
Moving Average | important discipline
Exponential Stable/medium-complexity Recent observations weighted | External drivers
Smoothing demand exponentially limited
Limited
Holt Trend Level + trend e .
seasonality
Holt-Winters Trend + seasonality Level + trend + seasonal component Requires
adequate
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seasonal history
_ . Demand explained by explanatory | Requires
Regression Driver-based demand . P Y P Y q. .
variables credible drivers
Model
. . Autoregressive/integrated/moving- identification
ARIMA Structured time series 8 . £ £
average dynamics and
assumptions
. . . Variants may be
Croston Intermittent demand Separate demand size and interval Y
needed
. . Should be
Trend/seasonality/events  at | Configurable components with analyst .
Prophet . compared with
scale review .
alternatives
C . . Similarit
Similarity / . Borrow information from analogous .. Y
. New products / sparse history | . definition
attribute-based items
matters
Feature
Nonlinear multi-driver ..
Random Forest Ensemble of decision trees governance and
patterns T
explainability
Requires
XGBoost Complex nonlinear patterns Gradient tree boosting careful
validation
Data and
Neural networks | Large complex datasets Learn nonlinear representations governance
requirements
. . . More complex
Ensemble Heterogeneous demand Combine multiple validated models
governance

8. Forecast Evaluation and the Shift Beyond Accuracy

Forecast evaluation is essential, but the source framework argues that forecast accuracy should not be the sole measure
of planning success. Classical evaluation may include MAE, RMSE, percentage-based measures where appropriate,
bias, confidence intervals and back-testing. Practical forecasting literature also emphasizes evaluation and comparison
of models rather than selecting a method solely by reputation. (Hyndman & Athanasopoulos, 2021)

Evaluation dimension Question

Accuracy How close is the forecast to actual demand?

Bias Does the method systematically over- or under-
forecast?

Uncertainty How wide is the plausible outcome range?

Stability Does the method behave consistently over time?

Service impact Does the forecast support required availability?

Inventory impact What stock and working-capital consequences arise?
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Financial impact What margin, revenue and cash consequences arise?
Decision value Did the forecast lead to a better decision?
Learning value Did the outcome improve future decisions?

This leads to the proposed concept of Enterprise Decision Performance: a planning system should be evaluated not
only on prediction error but also on the quality and consequences of the decisions it enables.

9. The Enterprise Demand Genome (EDG)
“Every product has a unique demand personality.”

The Enterprise Demand Genome is one of the principal original conceptual contributions proposed in the source
framework. It is defined as a structured digital profile of a planning unit that captures behavioural, commercial,
operational, financial and supply-chain characteristics so that Al Agents and human planners can make consistent,
explainable and adaptive decisions throughout the product lifecycle.

Traditional ERP master data answers primarily: "What is the item?' EDG is intended to answer: 'How does the item
behave, what constraints surround it, what policy should apply, and what has the enterprise learned about it?'

Genome component Decision purpose
Product identity Transaction and hierarchy context
Demand behaviour Select analytical treatment

Lifecycle stage

Adjust planning horizon and risk

Demand variability

Set uncertainty and safety policies

Trend strength

Assess directional change

Seasonality

Identify recurring patterns

Promotion sensitivity

Separate baseline from uplift

Price elasticity

Assess response to price

Lost-sales risk

Assess suppressed-demand exposure

Stock-out sensitivity

Assess service consequences

Lead time

Assess replenishment responsiveness

Vendor reliability

Assess supply risk

Margin contribution

Assess economic importance

Inventory policy

Connect demand to stock policy

Service-level target

Define customer availability objective

Forecast confidence

Assess model reliability

Preferred forecast model

Record validated model selection

Al confidence

Assess recommendation reliability

Learning history

Store outcome and model learning
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9.1 Why EDG Matters

Two products in the same category can require different planning policies. One may be mature, stable and highly
predictable; another may be newly introduced, promotion-sensitive and rapidly changing. EDG is intended to make
this difference explicit and machine-readable.

The genome is dynamic. When actual demand changes, promotions change, vendor reliability deteriorates, lifecycle
status changes or customer preferences shift, the decision profile should change. The planning policy can therefore
evolve rather than remaining a static parameter in an ERP record.

CUSTOMER PURCHASES — ACTUAL SALES — FORECAST ERROR — Al LEARNING
— EDG UPDATED — MODEL RE-EVALUATED — INVENTORY POLICY UPDATED
— PROCUREMENT UPDATED — ENTERPRISE LEARNS

Figure 5. Enterprise Demand Genome learning loop.

10. Demand Reconstruction and Lost Sales Opportunity
A critical implication of decision-centric planning is that observed sales may not always represent unconstrained
demand. If a product is unavailable, the customer may be unable to purchase it. A forecasting system trained directly
on suppressed sales can therefore understate future demand.

The proposed conceptual relationship is:
“True Demand = Observed Sales + Validated Suppressed Demand”

Validation is essential. A sales decline should not automatically be labelled lost sales. Evidence may include stock
availability, inventory movement, comparable locations, comparable products, demand patterns before and after the
constraint, customer requests, or other operational indicators.

A practical illustrative relationship is:

“Estimated Lost Sales = max(0, Estimated Unconstrained Demand — Actual Sales), when a validated availability
constraint exists.”

The framework further proposes that lost-sales estimates should carry confidence levels. High confidence should
require stronger evidence than medium or low confidence. The precise thresholds should be calibrated empirically
rather than treated as universal constants.

10.1 Why This Matters to Procurement

Historical lost opportunity can influence future planning. If a product repeatedly sells out before replenishment, a low
recorded-sales history may conceal the demand that should have been served. Demand reconstruction therefore acts as
a correction layer between raw sales history and future forecasting.

RECORDED SALES — AVAILABILITY CHECK — SUPPRESSED-DEMAND TEST

l
VALIDATED DEMAND RECONSTRUCTION

l
FUTURE FORECAST

l
PROCUREMENT / INVENTORY DECISION

Figure 6. Demand reconstruction as a pre-forecast decision layer.
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11. From Forecast to Buying Decision
A forecast does not automatically determine a purchase order. Procurement decisions depend on demand, current
stock, expected receipts, lead time, minimum order quantities, supplier reliability, capacity, working capital, margin

and service-level requirements.

Decision input

Why it matters

True / reconstructed demand

Defines the expected customer requirement

Forecast horizon

Defines timing of need

Current inventory

Defines available supply

Confirmed incoming supply

Prevents unnecessary buying

Lead time Determines ordering urgency
MOQ / order constraints Determines feasible order quantity
Supplier reliability Adjusts supply risk

Service-level target

Defines required availability

Working capital

Defines financial constraint

Margin / contribution

Defines economic priority

Capacity

Defines production or supplier feasibility

Risk / confidence

Defines how aggressively Al should act

The buying decision can therefore be understood as a constrained decision problem rather than a simple forecast

multiplication.

11.1 A Proposed Enterprise Decision Equation
To provide an executive-level summary, the framework proposes the following conceptual relationship:

“Enterprise Demand Decision = True Demand x Forecast Intelligence x Business Context X Execution Readiness”

Inventory concept

Decision question

Dynamic Base Stock

What target inventory position should adapt to current demand
and supply behaviour?

Safety Stock

How much protection is appropriate for demand and supply
uncertainty?

Reorder Point

When should replenishment be triggered?

Open-to-Buy

How much purchasing capacity remains within financial and
assortment constraints?

MEIO

Where should inventory be positioned across the network?

Warehouse optimization

How should inventory be prioritized and positioned?

RFID visibility

What is physically available and where?
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Replenishment What should be replenished, where and when?
Omnichannel inventory How should inventory serve multiple demand channels?
Revenue leakage intelligence Where is demand not being converted into sales?

This is a conceptual equation, not a claim that these terms can be directly multiplied without normalization. For
empirical implementation, each component would need operational definitions, scaling, calibration and validation.

True Demand represents observed demand corrected for validated suppression. Forecast Intelligence represents the
validated forecasting method or ensemble selected for the demand behaviour. Business Context represents relevant
demand drivers such as promotion, events, price, weather, competition or economic conditions. Execution Readiness
represents inventory, supply, capacity, logistics, financial and service constraints.

12. Inventory Intelligence

The source framework connects demand intelligence to dynamic base stock, safety stock, reorder point, open-to-buy,
multi-echelon inventory optimization, warehouse optimization, RFID-driven visibility, replenishment, omnichannel
inventory and revenue leakage intelligence.

13. Al and Machine Learning

The source framework treats Al as an extension of statistical and analytical capability rather than a replacement for
statistical reasoning. Al can process large volumes of variables, detect nonlinear relationships, incorporate external
signals and support real-time decision-making.

Potential signals include customer preferences, price changes, promotions, social media trends, weather, events,
competitor actions, economic conditions, inflation, exchange rates, geopolitical events, supply disruptions and
sustainability-related considerations.

Machine-learning methods such as Random Forest and XGBoost can be useful where demand depends on multiple
nonlinear drivers. XGBoost is an established scalable tree-boosting method rather than a generic synonym for Al.
(Chen & Guestrin, 2016) Neural and deep-learning methods may become appropriate where data volume and
complexity justify them. The proposed ESDI architecture does not prescribe one technology; it requires method
selection, validation and governance.

14. Explainable AI and Human—AI Collaboration

Trust is a central requirement for enterprise Al. The source framework argues that users should be able to ask: Why
was this recommendation generated? Which variables influenced it? How confident is it? What alternatives were
considered?

Statistical Intelligence provides an important bridge because variation, uncertainty, confidence and error can be
communicated in terms familiar to business decision-makers.

Human role Al role

Provide business context Process large-scale information
Challenge assumptions Detect patterns and anomalies
Approve high-risk decisions Generate recommendations
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Interpret exceptional events Run scenarios
Provide accountability Monitor continuously
Define policies and guardrails Learn from outcomes

The desired relationship is therefore collaboration rather than substitution. Al can become faster and more
comprehensive without becoming the sole bearer of accountability.

15. AI Agents as Digital Knowledge Workers

The source framework distinguishes Al Agents from predictive models. A predictive model produces an estimate. An
Al Agent can observe conditions, reason against policies, initiate workflows, collaborate with humans, monitor
outcomes and learn from feedback.

Al Agent Primary responsibility

Demand Intelligence Agent Detect and classify demand behaviour and changes
Forecast Selection Agent Select or recommend appropriate forecasting method
Inventory Intelligence Agent Evaluate inventory policy and stock risk
Procurement Intelligence Agent Recommend quantity, timing and supplier action
Warehouse Intelligence Agent Prioritize allocation, storage and replenishment
RFID Intelligence Agent Monitor inventory movement and availability
Finance Intelligence Agent Assess working capital, margin and financial risk
Executive Intelligence Agent Summarize material decisions, exceptions and risks

These agents are conceptual components of ESDI. Their deployment should be governed by decision criticality,
confidence, reversibility, auditability and organizational policy.

16. AI Agent Governance
Autonomous planning without governance can amplify data errors, model bias or policy failures. The framework
therefore proposes governance controls around data, models, recommendations, execution and learning.

Governance area Control principle

Data Lineage, quality, timeliness and master-data
ownership

Model Validation, monitoring and documented assumptions

Recommendation Confidence and explanation required

Execution Approval thresholds based on risk

Human override Permitted, recorded and reviewed

Audit Decision trail and evidence retained

Security Role-based access and segregation of duties

Learning Outcome feedback should not bypass governance

Risk High-impact decisions receive stronger human
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control

17. Enterprise Decision Performance

The source framework proposes that organizations should measure decision quality, decision latency and enterprise
outcomes in addition to forecast accuracy.

Performance dimension Hlustrative KPI family

Forecast MAE, RMSE, bias, confidence

Decision Decision quality, exception rate, override rate

Speed Decision latency, time-to-action

Availability Service level, fill rate, stock-out exposure

Inventory Turns, ageing, excess, shortage

Procurement Supplier reliability, lead time, cost, responsiveness
Finance Working capital, margin, cash conversion

Customer Availability, service and satisfaction

Learning llz/r[lc())(i:lledgeirrr:f;zzzr:llent, policy  improvement,

This reframes planning from a model-performance problem into an enterprise-performance problem.

18. Decision Cascade Framework
SIGNALS

!
DEMAND UNDERSTANDING

l
DEMAND RECONSTRUCTION

l
FORECAST SELECTION

|
FORECAST + UNCERTAINTY

|
INVENTORY POLICY

l
PROCUREMENT / PRODUCTION

l
ALLOCATION / REPLENISHMENT

|
FINANCIAL & CUSTOMER IMPACT

l
EXECUTION

l
OUTCOME MEASUREMENT

l
ORGANIZATIONAL LEARNING

Figure 7. Proposed Decision Cascade: forecasting is one stage in an enterprise decision chain.
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19. Enterprise Governance and Organizational Learning

ESDI treats governance as part of intelligence rather than as an administrative afterthought. The enterprise should
know who or what made a recommendation, which data were used, which policy applied, what confidence existed,
who approved the action, what outcome occurred and how the outcome changed future policy.

The organizational learning loop is therefore:
“Decision — Execution — Qutcome — Measurement — Learning — Policy / Model Update — Next Decision”

This principle also addresses a practical problem: organizations often lose planning knowledge when experienced
employees leave. A governed EDG and Al-agent architecture can institutionalize selected planning knowledge while
preserving human accountability.

20. ERP, Excel and Al: From Systems of Record to Systems of Decision

The source framework identifies a persistent enterprise pattern: ERP systems often function as systems of transaction
and record, while spreadsheets become systems of decision. Spreadsheets offer transparency and flexibility but create
version control, manual-error, auditability, scalability and knowledge-dependency problems.

The proposed future architecture is not simply 'replace Excel with AL' The enterprise should first identify which
spreadsheet decisions are valuable, codify the logic, validate it, integrate the required data and then automate
appropriate decisions with governance.

Technology layer Primary role

ERP System of record / transaction integrity

WMS /RFID / IoT Physical and inventory visibility

BI Reporting and diagnostic visibility

Statistical layer Measurement, uncertainty and explainability
ML/ Al Pattern recognition and prediction

Al Agents Continuous monitoring and controlled action
ESDI Enterprise decision orchestration and governance

21. Implementation Roadmap

Stage Primary objective Key deliverables
. . . Master data, t tion integrity,
1. Data readiness Reliable foundation a§ er- .a 3, transachion ntegrity
availability data
T . . Baselines, variability, lity,
2. Statistical intelligence Understand current behaviour R
error measurement
3. Demand classification Segment behaviour Demand Behaviour Profile / EDG
4. Forecast selection Match methods to behaviour EFSE and validated model library
S . . I tory, t d
5. Decision integration Connect forecast to action ven F)ry procuremen an
replenishment rules
. . ML/AI dels, external signals,
6. Al augmentation Add complex signals . mo cls, external signa’s
explainability
7. Agentic workflow Automate controlled tasks Agents, approvals, audit and
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monitoring
) . ) .. Outcome feedback and
8. Continuous learning Improve enterprise decisions .
policy/model updates

22. Maturity Model
Level Description Management characteristic
1 — Manual Experience and spreadsheets Individual knowledge

2 — Transactional

ERP-integrated records

Process visibility

3 — Statistical

Formal forecasting and KPIs

Evidence-based planning

4 — Predictive

ML/AI and scenario intelligence

Predictive decision support

6 — Agentic

controlled action

.. . Integrated decisions and ) )
5 — Decision Intelligent & Enterprise orchestration
governance
Continuous sensing and

Collaborative digital workforce

23. Industry-Neutral Applicability
The proposed framework is intentionally industry-neutral. Demand behaviour, service requirements, lead times, shelf
life, production constraints, supplier structures and financial policies differ across industries, but the underlying

decision architecture is transferable.

Industry Distinctive challenge Common ESDI requirement
Retail Location/SKU  availability and | Demand, allocation and
assortment replenishment
. e Demand sensing and invento
FMCG Promotion and distribution reach o 8 v
positioning
. Service level, expi and | Risk-aware forecastin and
Pharmaceuticals v . v XY . v 8
regulation mventory
. L lead ti d t| D d-to- |
Automotive ong lead times and componen emand-to-supply
dependency synchronization
. Short lifecycle and rapid | Lifecycle-aware =~ demand and
Electronics .
obsolescence inventory
) . . . Forecast, production and suppl
Industrial manufacturing Capacity and material dependency . P PPy
constraints
. . e ) Demand, capacity and service
Healthcare services Variable utilization and capacity decisions pactly

24. Future Enterprise: Autonomous but Explainable

The source framework points toward autonomous supply chains, digital twins, generative Al, agentic Al and future
enterprise decision-making. The important distinction is between autonomy and uncontrolled automation. A future

© Author(s). This work is peer-reviewed, openly published, and permanently archived
This article is openly accessible and reusable with proper attribution.

https://ijsmt.org/ , Email: editor@ijsmt.org

16



https://ijsmt.org/
mailto:editor@ijsmt.org

Volume 02 Issue 08 August-2026 | ISSN: 3108-1762 (Online) | Impact Factor: 3.8
An International, Peer-Reviewed, Open Access Scholarly Journal Indexed in recognized academic databases

+ 9 International Journal of Science, Strategic Management and Technology oFEN™ ACCERS
ney
A

enterprise should be able to sense continuously, simulate alternatives, recommend actions and execute low-risk
decisions automatically while escalating high-risk decisions to accountable humans.

SENSE — UNDERSTAND — PREDICT — SIMULATE — DECIDE — ACT — MEASURE — LEARN
T l

Figure 8. Proposed closed-loop autonomous-but-governed enterprise planning model.

25. Discussion

The proposed ESDI framework responds to a practical and theoretical problem: forecasting, optimization, supply chain
management and Al have each matured, but enterprise planning can remain fragmented because the disciplines are not
necessarily coordinated around a common decision object.

The framework's first conceptual move is to elevate demand behaviour ahead of formula selection. This is consistent
with established forecasting practice that emphasizes understanding time-series characteristics before model
construction, while extending the idea into inventory, procurement and governance. (Hyndman & Athanasopoulos,
2021)

The second move is to treat statistical intelligence as a bridge rather than an obsolete predecessor to Al. The third is to
define the Enterprise Demand Genome as a shared behavioural decision identity. The fourth is to introduce Al Agents
as governed digital knowledge workers across functions rather than isolated chatbots or prediction services. The fifth
is to define enterprise decision performance as broader than forecast accuracy.

These propositions are conceptual. They should not be presented as empirically proven superiority claims. Their
academic value depends on future testing across datasets, industries and planning environments.

26. Research Propositions for Future Empirical Testing
1. P1: Demand-behaviour-based forecast selection will outperform indiscriminate single-model deployment on
heterogeneous product portfolios when evaluated on both statistical and business outcomes.
2. P2: Validated demand reconstruction will reduce systematic under-forecasting in periods where observed sales
are materially constrained by product availability.
3. P3: Integrating forecast quality with inventory, service and financial measures will explain enterprise planning
performance better than forecast accuracy alone.
4. P4: A dynamic Enterprise Demand Genome will improve consistency and explainability of planner and Al-
agent recommendations compared with static product master data alone.
5. P5: Human—AlI collaboration with explicit confidence and governance controls will improve adoption and
reduce inappropriate overrides compared with opaque Al recommendations.
6. P6: Al-agent coordination across demand, inventory, procurement and finance will reduce decision latency
while maintaining stronger governance than isolated automation.
7. P7: Closed-loop learning from decision outcomes will improve future model and policy selection over
repeated planning cycles.

27. Limitations
e This article is conceptual and does not claim empirical proof of ESDI superiority.
e The proposed constructs, including ESDI, EFSE and EDG, require formal operational definitions and
independent validation.
e Forecasting-method suitability varies by dataset, horizon, business objective and data quality.
e Demand reconstruction is particularly sensitive to the quality of inventory-availability evidence.
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e Al-agent autonomy introduces organizational, cybersecurity, governance and accountability questions that
cannot be solved by forecasting methodology alone.
e The conceptual decision equation requires normalization and calibration before quantitative use.

28. Conclusion

Enterprise planning has travelled a long distance from experience-based judgement to ERP, statistical forecasting,
machine learning and artificial intelligence. The next step should not simply be a more powerful forecasting algorithm.
The next step should be a more intelligent enterprise decision architecture.

Enterprise Supply Chain Decision Intelligence is proposed as that architecture. It places Statistical Intelligence
beneath Al, demand behaviour before formula selection, forecasting inside a decision cascade, the Enterprise Demand
Genome at the centre of product-level decision identity, Al Agents alongside human professionals, and governance
around every material automated decision.

The central proposition is deliberately simple:
“The decision—not the forecast—is the primary unit of enterprise planning.”

Forecasting remains indispensable. Prophet, ARIMA, exponential smoothing, Holt-Winters, Croston-type methods,
regression, XGBoost, neural networks and ensembles each have legitimate roles. The contribution of ESDI is not to
replace them, but to provide a framework for deciding when, why and how they should be used, how their outputs
should be translated into inventory and procurement decisions, how financial and customer consequences should be
measured, and how the enterprise should learn from outcomes.

The proposed framework, therefore, invites a transition from forecast accuracy to decision performance, from isolated
models to coordinated intelligence, and from periodic planning to continuously learning enterprise decision systems.

29. Author's Proposed Conceptual Contributions

Construct Proposed contribution

A proposed management discipline integrating
ESDI statistical, digital and enterprise intelligence around
decision quality.

A proposed bridge between enterprise data and

istical Intelli L
Statistical Intelligence Layer explainable Al-enabled decisions.

A proposed behaviour-first forecast selection

EFSE .
architecture.
A proposed sequence linking signals, demand
Decision Cascade understanding, forecasting, inventory, procurement,
execution and learning.
EDG A proposed dynamic behavioural decision profile for

each planning unit.

A proposed framework for accountable digital

Al Agent
gent Governance knowledge workers in supply chain decisions.

. . A proposed performance perspective extendin
Enterprise Decision Performance Prop P . P p 8
forecast accuracy to business decision outcomes.
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Appendix A — One-Page Reference Guide

Question

ESDI answer

What should we understand first?

Demand behaviour.

What if recorded sales were constrained?

Reconstruct demand only where suppression is
validated.

Which forecast method should we use?

The method validated for the identified demand
behaviour and decision context.

Should Prophet/XGBoost/ARIMA replace classical
methods?

No. They belong in a method library and should be
selected by evidence.

What comes after the forecast?

Inventory, procurement, allocation and financial
decisions.

A dynamic behavioural decision identity for each

What is the final KPI?

What does EDG add? . .
planning unit.
Scale, pattern recognition, scenario analysis and
What does Al add? . P . .g Y
continuous monitoring.
What do Al Agents add? Govern action, workflow coordination and learning.
What does Finance add? Capital, margin, cash and risk constraints.
Accountability, explainability, auditability and
What does governance add? Y P v Y
control.
Enterprise decision performance, not forecast

accuracy alone.
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Appendix B — Generic Decision Checklist

Is the enterprise data complete, current and trustworthy?

Has demand behaviour been identified?

Could observed sales be constrained by availability?

Has any suppressed demand been validated before use?

Which candidate forecasting methods are appropriate?

Has the selected method been back-tested and compared with a baseline?
What is the forecast uncertainty and confidence?

What inventory is available and what supply is already committed?
What is the service-level requirement?

What are supplier, capacity and lead-time constraints?

What is the working-capital and margin implication?

Can the recommendation be explained to the planner, buyer and CFO?
What level of human approval is required?

How will the outcome be measured and fed back into learning?

End of Article
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