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Abstract

Retail inventory systems increasingly operate under persistent supply disruptions
arising from geopolitical shocks, climate events, transportation failures, and upstream
capacity constraints. While machine learning has substantially improved short-term
demand prediction accuracy, most state-of-the-art forecasting systems remain opaque,
brittle under regime shifts, and poorly aligned with inventory decision making under
uncertainty. Evidence across retail, healthcare, and public-sector systems suggests that
predictive accuracy alone is insufficient to sustain operational performance when
structural volatility is present (Hasan et al., 2021; Hasan et al., 2025).

This paper develops an explainable demand forecasting framework explicitly designed
for disrupted retail supply chains. Drawing on theories of information asymmetry,
organizational sensemaking, and robust operations, demand forecasting is
conceptualized as a socio-technical decision system rather than a purely predictive
task. The study advances a hybrid analytical framework that integrates multi-horizon
machine-learning models with structured explainability mechanisms and disruption-
aware latent state representations. Using large-scale U.S. retail transaction data
augmented with supply shock indicators, the analysis demonstrates how explainability
alters forecast trust, inventory responsiveness, and system stability under disruption.
Results show that explainable models achieve predictive accuracy comparable to
black-box benchmarks while significantly improving forecast calibration, disruption
detection, and downstream inventory performance. The contribution is threefold. First,
the paper embeds explainability as a structural property of demand forecasting rather
than a post hoc diagnostic. Second, it introduces a disruption-aware modeling
architecture linking demand signals to supply-side constraints. Third, it provides
empirically grounded guidance for inventory decision makers operating in volatile
environments. The findings reposition explainable analytics as a necessary condition
for resilient retail operations rather than a compliance-driven add-on.
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Introduction

Retail demand forecasting has traditionally been framed as a statistical estimation problem whose primary objective is
minimizing prediction error. Classical time-series models and, more recently, machine-learning systems have been evaluated
almost exclusively on accuracy metrics under stable demand regimes. This framing has become increasingly inadequate. Retail
supply chains now face recurrent disruptions that distort historical demand signals and sever the assumed link between forecast

accuracy and operational performance.

Pandemic-induced shocks, semiconductor shortages, port congestion, and climate-driven logistics failures have exposed
structural fragilities in inventory systems reliant on opaque forecasting models. Similar vulnerabilities have been documented in
healthcare, pharmaceutical, and public-sector supply chains, where predictive systems lacking interpretability fail under stress
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and require costly manual overrides (Rasel et al., 2022) [281;
(Shah et al., 2024) 28l (Hasan et al., 2022) 4, Although
modern machine learning enables highly flexible demand
prediction at scale, black-box models often fail precisely
when managerial interpretation matters most. During
disruptions, planners must determine whether forecast
deviations reflect genuine demand shifts or supply-induced
artifacts and how uncertainty should propagate into
replenishment decisions. Evidence from explainable
analytics in healthcare, patient engagement systems, and
cybersecurity demonstrates that interpretability improves
trust, adoption, and decision quality under uncertainty (Khan
et al., 2024) 2%, (Hasan et al., 2023) [**]; (Shah et al., 2025)
[27]

This paper addresses a clear gap in the literature. While
explainable artificial intelligence has advanced rapidly in
regulated domains such as healthcare, finance, and security,
its role in retail demand forecasting under supply disruption
remains theoretically underdeveloped and empirically
underexamined. Existing studies typically treat explainability
as a transparency layer appended after model training rather
than as a foundational design principle. Moreover, demand
forecasting research rarely integrates supply-side disruption
signals directly into predictive architectures, despite strong
evidence that operational volatility fundamentally alters
demand dynamics.

Three research questions guide the study. How does
explainability reshape the performance of demand
forecasting systems under supply disruptions? What
mechanisms link explainable forecasts to improved inventory
decisions? How can forecasting architectures be designed to
remain robust across disrupted and non-disrupted regimes?

2. Literature Review and Theoretical Background

2.1. Demand Forecasting in Retail Operations

Demand forecasting underpins inventory  control,
replenishment planning, and capacity allocation. Classical
approaches assume stationarity, stable seasonality, and
consistent error structures. These assumptions are
increasingly violated in modern retail environments
characterized by frequent shocks and non-linear responses
(Makridakis et al., 2018) 4. While machine-learning
methods outperform traditional models in stable regimes,
their performance deteriorates sharply during regime shifts,
leading to biased forecasts and unstable inventory decisions
(Ivanov, 2020) 81,

2.2. Supply Disruptions and Inventory Resilience
Supply disruption research emphasizes redundancy,
flexibility, and information sharing as resilience mechanisms

www.themanagementjournal.com

(Snyder et al., 2016) B4, Forecasting systems, however, are
typically treated as exogenous inputs rather than endogenous
components of resilience. Research in healthcare and
pharmaceutical logistics demonstrates that predictive
visibility and digital-twin-style system representations
materially reduce shortages and improve stability under
uncertainty (Rasel et al., 2022) ?8: (Shah et al., 2024) 1281,
Comparable principles apply to retail systems, yet forecasting
architectures remain largely demand-centric.

2.3. Explainable Analytics and Decision Making
Explainable analytics research consistently shows that
interpretability improves adoption, trust, and intervention
quality under uncertainty (Doshi-Velez & Kim, 2017) ©;
(Lundberg & Lee, 2017) 21 In healthcare systems,
explainable models improve resource allocation and policy
compliance (Hasan et al., 2025) 0l In financial and
cybersecurity systems, explainability enhances robustness
and institutional confidence (Hasan et al., 2023) ['%1; (Hasan
etal., 2025b) [*7],

Drawing on sensemaking theory, explainability is
conceptualized as a mechanism that enables decision makers
to construct coherent narratives when historical patterns fail
(Weick, 1995) B2, This implies that explainability must be
structurally embedded in forecasting systems rather than
appended post hoc.

2.4. Theoretical Propositions

P1: Explainable demand forecasting systems yield more
stable forecast adjustments under supply disruptions than
opaque models.

P2: The performance advantage of explainable forecasts is
mediated by improved detection of disruption-induced
demand distortions.

P3: Inventory systems integrating explainable forecasts
achieve higher service levels with lower safety stock during
disruption periods.

3. Analytical Framework and Methodology

3.1. Research Design

The study adopts a mixed analytical design combining
predictive modeling with downstream inventory simulation.
The empirical setting is large-scale U.S. multi-category retail,
consistent with prior work on Al-enabled inventory systems
(Arman & Fahim, 2023) [, Transaction-level sales data are
merged with external indicators capturing transportation
delays, supplier lead-time variability, and macro-level
disruption events.
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3.2. Disruption Aware Forecasting Architecture
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Figure 1 presents the proposed framework decomposes
demand forecasting into three interacting layers. The signal
extraction layer captures baseline demand dynamics using
multi-horizon machine-learning models. The disruption
encoding layer integrates supply-side volatility signals,
including lead-time variance and logistics congestion, to
identify regime shifts. The explanation and decision interface
layer translate forecast outputs into stable, interpretable
attributions aligned with inventory control decisions.
Interpretability constraints are embedded directly into model
structure rather than imposed after training.

3.3. Models and Benchmarks

Gradient-boosted decision trees and recurrent neural
networks serve as benchmarks. Explainable variants
constrain  model complexity and enforce theoretically
justified monotonic relationships. Forecast performance is
evaluated using mean absolute scaled error and prediction-
interval coverage. Inventory outcomes are assessed through
simulated service levels, stockout frequency, and holding
costs under identical replenishment policies.

et b -

3.4. Evaluation Metrics

Forecast performance is assessed using mean absolute scaled
error and prediction interval coverage. Explainability quality
is evaluated through stability of attributions across rolling
windows. Inventory outcomes are simulated using a periodic
review policy, measuring service level, stockout frequency,
and holding cost.

3.5. Validity and Limitations

Identification relies on exogenous disruption indicators.
While causal inference is not the primary objective,
robustness checks confirm that results persist across
alternative disruption definitions. External validity is
strongest for large scale U.S. retail but may vary in smaller or
highly specialized contexts.

4. Results and Theoretical Analysis

4.1. Forecast Performance Under Disruption

Table 1 compares demand forecasting performance across
stable and disrupted supply regimes. While black box models
achieve marginally lower average error during stable periods,
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explainable models exhibit significantly lower error variance
and improved prediction interval coverage during disruption
windows.

Model Type | Regime [MASE| VzErriraonrce 952/8 J:rtgg\éal
Black box ML| Stable | 0.82 0.14 0.87
EXp:aiEab'e Stable | 0.85 |  0.13 0.89
Black box ML [Disrupted 1.34 0.41 0.68
EXP:\"jliEab'e Disrupted 1.12 | 0.26 0.82

4.2. Explainability and Regime Detection

Attribution analysis reveals that explainable models shift
weight toward supply related features during disruption
windows, enabling earlier detection of regime changes. Black
box models exhibit delayed response and attribution
instability.

Table 2 compares attribution stability across rolling
forecasting windows. Explainable models maintain
consistent feature importance rankings during regime shifts,
while black box models exhibit attribution volatility that
undermines interpretability and trust.

Feature Category Attributiop Stability| Attribution Stability
(Explainable) (Black box)
Price promotions High Moderate
Seasonal effects High Low
Lead time variance High Low
Logistics congestion Moderate Very low
Supplier capacity Moderate Low

4.3. Inventory Performance

Table 3 reports simulated inventory outcomes under
prolonged supply disruptions using identical replenishment
policies but different forecasting inputs. Explainable
forecasts generate higher service levels with lower average
inventory, indicating superior alignment between forecasts
and operational decisions.

Avg
Inventory
Units

Service | Stockout
Level |Frequency

Holding

Forecast Input Cost Index

Black box forecast | 91.2% 14.6% 12,450 1.00

Explainable forecast| 96.8% 7.9% 10,980 0.86

5. Discussion

The findings challenge the prevailing assumption that
forecasting  accuracy alone  determines inventory
performance. Explainability emerges as a structural enabler
of resilience, allowing organizations to adapt forecasts when
historical relationships break down. By embedding
explainability into model design, the framework supports
sensemaking rather than mere prediction.

The results align with broader evidence from healthcare and
public sector analytics, where explainable systems improve
operational outcomes under uncertainty (Hasan et al., 2021)
[131: (Rasel et al., 2022) [?6],

6. Implications

6.1. Theoretical Implications

The study reframes demand forecasting as an interpretive
socio-technical system embedded in organizational decision
processes. It extends resilience theory by positioning
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explainable analytics as an informational capability rather
than a transparency artifact, consistent with findings across
healthcare, sustainability analytics, and energy systems
(Arman et al., 2024) ¥; (Arman et al., 2024b) B,

6.2. Managerial and Policy Implications
Retail managers should prioritize explainability in
forecasting system design, particularly in disruption-prone
categories. Policymakers concerned with systemic supply-
chain risk may view explainable analytics as decision
infrastructure rather than optional tooling.

7. Limitations and Future Research

The analysis focuses on structured retail data and does not
incorporate unstructured signals such as news or social
media. Future research could integrate multimodal data and
examine human-algorithm interaction experimentally.
Advances in machine-learning theory, including work on
Hilbert and inner-product spaces, offer promising directions
for interpretable high-dimensional forecasting (Mannan et
al., 2025) 241,

8. Conclusion

Explainable demand forecasting offers a viable path toward
resilient retail inventory systems under persistent supply
disruption. By integrating interpretability into predictive
architecture, organizations can sustain performance when
historical patterns fail. The contribution lies not in
incremental accuracy gains but in redefining what effective
forecasting means in volatile supply networks.
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