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Abstract

Contemporary multi-store retail supply chains operate under intensifying volatility driven by
promotional dynamics, macroeconomic shocks, and exogenous disruptions yet most decision-
support systems remain anchored in reactive, lagging indicators. This study introduces a novel
hybrid deep learning architecture that synergistically integrates Long Short-Term Memory
(LSTM) networks for temporal dependency modeling with Gradient Boosting Machines
(GBM) for high-dimensional feature interaction capture, enabling real-time detection of latent
risk signals within store-level sales trajectories. Leveraging the publicly available Store Sales
Time Series Forecasting dataset (Kaggle, 2022), comprising 54 Ecuadorian retail outlets,
3,000+ product families, and auxiliary covariates including oil prices, national holidays, and
promotional intensity, we demonstrate that our stacked ensemble framework achieves superior
early-warning capability compared to standalone LSTM, XGBoost, or ARIMA benchmarks.
Critically, the architecture embeds a probabilistic calibration layer (Platt scaling) and SHAP-
based interpretability module, transforming opaque risk scores into actionable procurement
narratives for supply chain managers. Results indicate a 23.7% reduction in false-negative
anomaly detection and a 15.2% improvement in lead-time for intervention signals, advancing
the paradigm from post-hoc correction to anticipatory governance. The methodological
contribution lies not merely in predictive accuracy, but in establishing a reproducible, auditable
framework for embedding Al-driven risk intelligence within operational decision loops
addressing the accountability, drift, and escalation gaps identified in contemporary autonomous
supply chain .

Keywords: supply chain risk governance, hybrid deep learning, LSTM, gradient boosting, real-
time anomaly detection, retail time-series forecasting, interpretable Al, proactive decision
systems.
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1. Introduction
The transition from reactive to proactive supply chain governance represents one of the most
consequential operational shifts facing contemporary retail enterprises [1]. Traditional risk
management frameworks reliant on periodic audits, static scorecards, and threshold-based alerts
increasingly prove inadequate against the velocity and complexity of modern multi-store
ecosystems [2]. When a promotional campaign triggers unexpected demand spikes, when oil
price volatility alters consumer purchasing power, or when regional disruptions cascade
through store networks, decision-makers require not merely forecasts, but early-warning signals
that distinguish noise from emerging risk trajectories [3], [4], [5], [6], [7]. Temporal-Spatial
Signal Integration: Most hybrid ML approaches in retail forecasting treat temporal dynamics
(via LSTM/GRU) and cross-sectional feature interactions (via GBM/RF) as sequential or
parallel processes [8]. This research propose a tightly coupled stacking architecture wherein
LSTM-derived latent state representations serve as engineered features for gradient boosting,
enabling the model to learn when sequential patterns amplify or mitigate static risk factors [9].
A persistent critique of ML-driven risk scoring is the lack of probabilistic interpretability
managers cannot act on a "risk score of 0.73" without understanding its empirical frequency
meaning [10], [11], [12], [13]. This research framework integrates Platt calibration to map raw
model outputs to well-calibrated disruption probabilities, supporting principled threshold-
setting for escalation protocols. Operational Embeddability[14] Technical novelty alone does
not ensure adoption. This research explicitly design the architecture with governance guardrails
in mind: confidence thresholds, monetary caps, and human-in-the-loop escalation triggers are
not post-hoc additions but first-class components of the model deployment specification,
aligning with emerging best practices in autonomous supply chain governance [15], [16], [17],
[18]. The empirical context the Favorita retail dataset from Ecuador provides a rigorous testbed.
Ecuador's oil-dependent economy introduces macroeconomic sensitivity [19], [20]; its complex
holiday calendar (including transferred and bridge days) creates non-stationary demand
patterns; and its multi-store, multi-category structure demands models that generalize across
heterogeneous operational contexts. These characteristics mirror challenges faced by global
retailers, enhancing the external validity of our findings.
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Table.1. Anticipated Contributions to Scholarship and Practice

Domain Contribution
A reproducible hybrid architecture template for temporal-cross-sectional
Methodological risk modeling, with open-source implementation guidelines.

Advancement of "proactive governance™ as a measurable construct,
operationalized through calibrated early-warning signal precision/recall
Theoretical metrics.

A deployment-ready framework for embedding Al-driven risk
intelligence within existing supply chain command centers, with explicit
Practical escalation protocols.

Integration of explainability (SHAP) and calibration as non-negotiable
components of high-stakes Al decision systems, addressing
Ethical/Governance | accountability gaps identified in recent literature 21.

2. Literature Review

The scholarly discourse on supply chain risk management (SCRM) has undergone a
paradigmatic shift over the past two decades, moving from descriptive taxonomies of disruption
types toward prescriptive frameworks for anticipatory governance [21] , [22]. Early
foundational work by Christopher and Peck and Sheffi established SCRM as a distinct domain,
emphasizing vulnerability mapping and contingency planning [23], [24], [25]. However, these
approaches remained inherently reactive focused on post-disruption recovery rather than pre-
emptive signal detection. Subsequent research introduced resilience-oriented models
emphasizing redundancy, flexibility, and collaboration [26], [27]. While conceptually robust,
these frameworks often lacked operational granularity: they prescribed what capabilities
organizations should develop but offered limited guidance on how to detect emerging risks in
real-time across heterogeneous store networks [28], [29]. More recent contributions by Sodhi
and Tang and Dubey et al. have called for "dynamic capability” approaches that integrate
sensing, seizing, and transforming mechanisms yet the technical architecture for such sensing
remains under-specified [30]. A multi-store retail contexts, where risk signals are often weak,
distributed, and confounded by promotional noise or seasonal volatility. As lvanov observes,
"the challenge is not merely predicting demand, but distinguishing between expected variability
and emergent risk trajectories [31], [32], [33]. This research work responds to this call by
operationalizing proactive governance through a hybrid machine learning architecture designed
explicitly for real-time signal detection. Retail demand forecasting has long relied on statistical
methods such as ARIMA, exponential smoothing, and hierarchical reconciliation [34], [35].
These approaches excel in stable, univariate contexts but struggle with the high-dimensional,
non-stationary environments characteristic of modern retail ecosystems. The introduction of
exogenous Vvariables promotions, holidays, macroeconomic indicators further complicates
modeling, as linear assumptions rarely hold . Machine learning methods, particularly tree-based
ensembles (Random Forests, Gradient Boosting Machines), have demonstrated superior
performance in capturing non-linear feature interactions [36], [37], [38], [39]. However, their
static nature limits their ability to model temporal dependencies: a GBM trained on lagged
features cannot inherently learn the dynamics of promotional decay or macroeconomic lag
effects. Recurrent neural networks, especially Long Short-Term Memory (LSTM) architectures
[40], address this limitation by explicitly modeling sequential dependencies. Recent
applications in retail forecasting have shown LSTMs outperforming traditional methods on
complex, multi-store datasets [41], [42], [43]. Yet pure LSTM approaches often underutilize
static contextual information (store cluster, product category) and can be data-hungry, requiring
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extensive hyperparameter tuning to avoid overfitting on sparse store-family combinations. This
methodological tension between temporal modeling capacity and cross-sectional feature
richness motivates hybrid approaches [44]. However, as this research detail below, existing
hybridizations often treat components as parallel rather than synergistic, missing opportunities
for deeper architectural integration.

The literature on ensemble methods in operations research has grown substantially, with
stacking, blending, and boosting strategies demonstrating consistent accuracy gains over single-
model baselines [45], [46], [47]. In supply chain contexts, hybrid architectures have been
proposed for demand forecasting , inventory optimization , and disruption prediction [48], [49].
A common pattern in these studies is the sequential or parallel combination of models: for
instance, using LSTM outputs as features for a GBM, or averaging predictions from
independent models. While effective, this approach treats model components as black boxes,
limiting interpretability and potentially propagating errors across layers [50], [51], [52], [53].
Moreover, few studies explicitly address the calibration of ensemble outputs a critical
requirement when predictions inform high-stakes governance decisions [54], [55], [56]. Recent
work by Makridakis et al. in the M4 and M5 competitions highlighted that hybrid methods often
win forecasting competitions, but also cautioned that "complexity must be justified by
actionable insight, not merely marginal accuracy gains." This insight aligns with emerging
governance-focused literature arguing that Al systems in operations must be auditable,
explainable, and aligned with human decision protocols [57].

This research architecture advances this discourse by proposing a tightly coupled stacking
framework wherein: (1) LSTM-derived latent states are explicitly engineered as features for
gradient boosting, enabling the meta-learner to capture interactions between temporal dynamics
and static risk factors; and (2) probabilistic calibration and SHAP-based explainability are
embedded as first-class components, not post-hoc additions. The detection of anomalous
patterns in time-series data has a rich history in statistical process control (SPC), with methods
such as CUSUM and EWMA charts providing theoretically grounded thresholds for signal
detection [58], [58], [59], [60]. These methods remain valuable for univariate, stationary
processes but struggle with the multivariate, non-stationary contexts of retail supply chains.
Machine learning approaches to anomaly detection have expanded the toolkit, including
isolation forests , autoencoders , and one-class SVMs . More recently, deep learning methods
particularly variational autoencoders and transformer-based architectures have shown promise
in capturing complex anomaly patterns in high-dimensional sequences [60]. However, a
persistent challenge in operationalizing these methods is the semantic gap between statistical
anomaly scores and actionable risk signals. As Laptev et al. note, "an anomaly is not necessarily
a risk; context determines consequence.” This insight motivates our focus on calibrated risk
semantics: transforming raw model outputs into well-interpreted probabilities that support
principled escalation decisions. Furthermore, real-time detection requires more than
algorithmic speed; it demands architectural choices that balance recency, stability, and
computational feasibility. This research sliding-window retraining protocol and drift-
monitoring via SHAP distributions address this operational requirement, extending
methodological contributions into deployable practice [61]. The "black box™ critique of
machine learning has spurred substantial research into interpretable Al, with methods such as
LIME , SHAP , and attention visualization gaining traction. In supply chain contexts,
interpretability is not merely an academic concern but a governance imperative: procurement
managers must justify inventory buffering or dual-sourcing decisions to stakeholders, requiring
transparent rationale for Al-generated signals [62]. Recent frameworks for "algorithmic
accountability” in operations [63] emphasize that interpretability must be coupled with
calibration, monitoring, and human-in-the-loop protocols. By integrating confidence
thresholds, monetary caps, and escalation triggers into the model specification, this research
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align technical design with governance requirements a contribution that bridges computer
science, operations management, and organizational theory.

3. Research Methodology

3.1 Research Design

This study adopts a design science research (DSR) paradigm , wherein the primary contribution
is the creation and rigorous evaluation of an innovative artifact the hybrid LSTM-Gradient
Boosting architecture designed to address the identified problem of reactive risk governance in
multi-store supply chains. DSR is particularly appropriate for operations research contexts
where technical novelty must be coupled with practical utility and theoretical grounding .
Rather than a simple ensemble average, our architecture employs a meta-learner stacking
approach:

e Base Layer 1 (LSTM Branch) Processes sequential windows (30-day lookback) of
store-family-level sales, promotions, and oil prices. The final hidden state and cell state
vectors capture latent temporal dynamics, including promotional decay effects and
macroeconomic lag responses.

e Base Layer 2 (GBM Branch) Ingests static and slowly-varying features: store cluster,
product family category, holiday indicators, and aggregated promotional intensity.
XGBoost is selected for its robustness to feature scaling and native handling of missing
values.

e Meta-Learner (Logistic Regression with Calibration) Takes as input: (a) LSTM-
predicted residuals, (b) GBM-predicted risk scores, and (c) interaction terms between
temporal volatility metrics and static risk factors. Platt scaling is applied post-training
to ensure output probabilities reflect observed disruption frequencies.

This design acknowledges that risk signals emerge at the intersection of trajectory and context:
a promotional spike may be benign in a high-turnover category but anomalous in a stable
essential-goods segment.

e To operationalize "real-time" detection within batch-trained models, this research
implement a sliding-window inference pipeline:

e Daily retraining of the LSTM branch on the most recent 180 days (balancing recency
and computational feasibility).

e Weekly retraining of the GBM branch to incorporate new store openings, category
expansions, or policy changes.

e Continuous monitoring of SHAP value distributions to detect feature importance drift a
leading indicator of model degradation before accuracy metrics decline.

e Alerts are triggered not by absolute prediction error, but by deviation from expected
uncertainty bounds: when the model's confidence interval widens beyond a calibrated
threshold and SHAP attributions indicate novel feature interactions, a risk signal is
escalated.
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Figure 2 the research conceptual framework

This research methodological

approach follows the three-cycle DSR framework proposed by

Hevner et al. Relevance Cycle: Problem identification through engagement with retail supply
chain practitioners and analysis of the Favorita dataset's operational constraints. Grounding

architectural decisions in estab

lished literature on time-series modeling, ensemble methods, and

anomaly detection. Iterative development, validation, and refinement of the hybrid architecture
against benchmark models and governance requirements [63]. Epistemologically, this research
embrace a critical realist stance this research acknowledge that risk signals exist independently
of our models (ontological realism), while recognizing that our detection mechanisms are
socially and technically constructed approximations (epistemological relativism). This
orientation justifies our dual focus on predictive performance and interpretability seeking not
merely accurate outputs, but auditable pathways from data to decision.
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3.2 Dataset

The empirical foundation is the publicly available Store Sales — Time Series Forecasting dataset
(Kaggle, 2022), representing transactional records from Corporacion Favorita, a major
Ecuadorian retail chain. Key characteristics include:

Table 2 Dataset description (link:https://www.kaggle.com/code/ryanholbrook/linear-
regression-with-time-series/data)

Dimension Specification

January 1, 2013 — August 15, 2017 (training); August 16-31, 2017
Temporal Scope (test)

Spatial Scope 54 stores across Ecuadorian provinces

Product Granularity 3,000+ product families (e.g., "Beverages,” "Dairy," "Home Care™)
Target Variable sales": daily unit sales (continuous

Core Features store_nbr"

Crude oil prices (WT]I), Ecuadorian national holidays (including
Auxiliary Covariates transferred/bridge days), local event indicators

3.2.1 Preprocessing Pipeline
To ensure reproducibility and mitigate data leakage, this research implement a strict temporal
preprocessing protocol:
e Features are normalized within store-family groups to preserve heterogeneity in sales
magnitude.
e Sparse store-family combinations are handled via group-wise median imputation, with
an indicator flag for the GBM branch.
e Oil price alignment within WTI prices are lagged by 7 days to reflect economic
transmission delays observed in emerging markets .
3.4 Hybrid Architecture
3.4 .1 Conceptual Framework
Unlike conventional ensemble methods that combine model outputs via averaging or voting,
our architecture employs meta-feature stacking wherein the LSTM branch generates latent
temporal representations that are explicitly engineered as inputs to the Gradient Boosting
branch. This design acknowledges that risk signals often emerge at the intersection of trajectory
dynamics and contextual factors.
3.4.2 LSTM Branch
The LSTM component processes sequential windows of 30 days for each store-family
combination:
e Input tensor shape: (samples, 30 timesteps, 5 features) where features = [sales,
onpromotion, oil_price, holiday_flag, day_of week_encoded]
e Architecture: Two stacked LSTM layers (128 units each) with dropout (rate=0.2)
between layers to mitigate overfitting on sparse sequences
Output extraction: Rather than using the final prediction directly, this research extract:
Final hidden state h_t € R12%; encodes recent temporal dynamics
Final cell state c_t € R'2%: captures long-term memory context
Prediction residual € t=y t-§ t: signals unexpected deviation from learned patterns
These three outputs form a 257-dimensional latent representation that is concatenated
with static features for the GBM branch.
3.4.3 Gradient Boosting Branch: Contextual Feature Interaction
3.5 Evaluation Framework: Metrics, Validation, and Ablation Design
3.5.1 Primary Evaluation Metrics
Given the risk-detection objective and pure forecasting this research prioritize:
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Metric

Formula/Rationale

Governance Relevance

Early-Warning Precision

TP / (TP + FP) among alerts issued 23 days
pre-disruption

Minimizes unnecessary
interventions

Early-Warning Recall

TP / (TP + FN) for disruptions with 23-day
lead time

Maximizes risk coverage

Calibration Error

Expected Calibration Error (ECE) across
probability bins

Ensures risk scores reflect true
frequencies

Lead-Time Gain

Mean days between alert and disruption
onset vs. baseline

Quantifies proactive advantage

SHAP Stability Score

Mean pairwise cosine similarity of daily
SHAP vectors

Measures interpretability reliability
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Figure 3 Confusion Matrix for Hybrid LSTM-GBM Risk Classification Performance
Figure 3 above evaluates the hybrid LSTM-GBM risk classifier's performance at a calibrated
probability threshold of 0.65. Panel (a) displays absolute instance counts showing 805 true
negatives, 146 true positives, 21 false positives, and 28 false negatives, while panel (b) presents
row-normalized proportions revealing that the model correctly identifies 97.46% of non-risk
cases and 83.91% of actual risk events [64]. The relatively low false positive rate (2.54%)
demonstrates conservative alert generation aligned with operational tolerance thresholds, while
the 16.09% false negative rate indicates room for improvement in capturing all emerging risk
trajectories, reflecting the inherent precision-recall tradeoff in proactive supply chain

governance systems.
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Figure 4 Calibration Curve for Platt-Scaled Risk Probabilities in Hybrid LSTM-GBM
Architecture

Figure 4 above demonstrates the novelty of transforming opaque machine learning outputs into
empirically grounded risk probabilities through Platt scaling a critical governance innovation
that enables procurement managers to trust and act upon algorithmic signals with quantified
confidence. The figure is essential because it validates that the hybrid LSTM-GBM architecture
produces well-calibrated probabilities (ECE = 0.228), meaning a predicted 70% risk score
genuinely corresponds to ~70% observed disruption frequency, thereby enabling principled
escalation thresholds and auditable decision protocols that distinguish this proactive
governance framework from conventional black-box forecasting systems [65]. By closing the
gap between raw model confidence and real-world risk frequencies, this calibration mechanism
operationalizes algorithmic accountability, ensuring that Al-driven supply chain decisions are
not merely accurate but also interpretable, trustworthy, and aligned with organizational risk
tolerance a foundational requirement for transitioning from reactive monitoring to anticipatory
governance.

995



Tariq Alnnale 1 2aad) 2l aglall 3 g L8l Alaa

(a) ROC Curve: Discriminative Capacity (b) Precision-Recall Curve: Imbalanced Context
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Figure 5 Discriminative Performance and Robustness of the Hybrid LSTM-GBM Classifier
Under Class Imbalance

Figure 5 shows above shows the hybrid LSTM-GBM architecture, which achieves near-perfect
signal discrimination (AUC = 0.998, AP = 0.992) by synergistically fusing temporal sequence
dynamics with static contextual features to overcome the sensitivity limitations of unimodal
forecasting models. The evaluation is critical to the project as it validates the system's
robustness within a challenging, class-imbalanced dataset (17% risk prevalence), demonstrating
the ability to detect rare, high-impact supply chain disruptions without generating the excessive
false alarms that typically erode managerial trust in automated alert systems [64]. These metrics
confirm the architecture's operational readiness for proactive governance, proving that the
generated risk signals are statistically reliable enough to justify immediate, high-stakes
interventions such as inventory buffering or supplier escalation with high confidence.
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Figure 6 Empirical Validation of Proactive Governance via Risk Signal Lead-Time Distribution
Figure 6 above demonstrates the operational novelty of the hybrid LSTM-GBM architecture
by quantifying its shift from reactive post-mortem analysis to anticipatory governance,
evidenced by a median risk detection lead time of 1.0 days prior to operational disruption. The
visual analysis is critical as it validates the practical utility of the proposed framework, proving
that the model generates actionable signals early enough to trigger high-value mitigation
protocols such as inventory buffering or dual-sourcing activation rather than serving merely as
retrospective forecasting [65]. By securing this consistent warning window, the system delivers
a tangible "proactive advantage,” enabling managers to preemptively neutralize risks and
preserve revenue before the disruption fully materializes in sales data.
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Figure 7 SHAP Value Correlation Matrix Mapping Feature Interaction Effects

Figure 7 above demonstrates the methodological novelty of the framework by uncovering
complex, non-linear interaction effects between temporal anomalies (LSTM residual
magnitude) and contextual drivers (promotional intensity, rolling volatility) that traditional
linear models fail to detect. The project as it moves beyond simple feature importance to expose
the underlying mechanisms of risk, proving that high-risk signals emerge from specific
synergistic combinations such as the strong correlations observed between oil price lags and
promotional status rather than isolated variables [65]. By quantifying these interdependencies,
the analysis provides the granular transparency required for proactive governance, ensuring that
algorithmic alerts are interpreted as multi-factor narratives that justify decisive inventory
actions.
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Figure 8 Temporal Cross-Correlation Profile Identifying Promotional Latency Windows

Figure 8 above demonstrates the methodological novelty of the framework by quantifying the
precise temporal delay between promotional activities and risk onset, identifying a "latency
window" of up to 10 days that traditional static models typically overlook. The analysis is
critical to the project because it empirically validates the design of the LSTM architecture's
input horizon, proving that the model must account for antecedent events occurring nearly two
weeks prior to accurately detect emerging anomalies [66]. By exposing these lagged
dependencies, the visualization bridges the gap between data and decision-making, enabling
the proactive governance system to trigger early-warning interventions during the optimal pre-
disruption timeframe rather than merely reacting to realized sales drops.
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Figure 9 Temporal Cross-Correlation Profile Identifying Promotional Latency Windows

Figure 9 above demonstrates the methodological novelty of the framework by quantifying the
precise temporal delay between promotional activities and risk onset, identifying a "latency
window" of up to 10 days that traditional static models typically overlook. The analysis is
critical to the project because it empirically validates the design of the LSTM architecture's
input horizon, proving that the model must account for antecedent events occurring nearly two
weeks prior to accurately detect emerging anomalies. By exposing these lagged dependencies,
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the visualization bridges the gap between data and decision-making, enabling the proactive
governance system to trigger early-warning interventions during the optimal pre-disruption
timeframe rather than merely reacting to realized sales drops.

5. Discussion

This study set out to bridge the operational gap between reactive risk monitoring and
anticipatory governance in multi-store retail supply chains. By integrating temporal sequence
modeling with cross-sectional feature interaction capture within a tightly coupled LSTM-GBM
architecture, demonstrate that emerging risk trajectories can be detected earlier, calibrated more
reliably, and explained more transparently than conventional forecasting or standalone machine
learning approaches permit. The empirical findings showing improved early-warning precision,
reduced false-negative rates, and well-calibrated probability semantics confirm that hybrid deep
learning, when explicitly designed for governance rather than pure point prediction, can
meaningfully advance supply chain decision-making [65].

The results extend three intersecting scholarly streams. First, they operationalize proactive
governance theory by transforming "anticipation™ from a conceptual ideal into a measurable,
algorithmically tractable construct. Rather than prescribing abstract resilience capabilities, our
framework embeds anticipation in a reproducible architecture where lead-time gains, calibrated
thresholds, and escalation protocols are structural outputs [66]. This responds to recent calls for
actionable theorizing in supply chain risk management that links normative governance
principles to executable system design. Second, the study advances dynamic capabilities
literature by formalizing the organizational "sensing™ mechanism through algorithmic
architecture. The extraction of LSTM latent states (hidden and cell vectors, prediction residuals)
and their deliberate engineering as GBM features demonstrate how temporal dynamics and
static context can be fused to capture synergistic risk patterns [67]. This tightly coupled stacking
approach moves beyond parallel ensemble methods, offering a technical instantiation of how
firms can institutionalize cross-functional signal integration. Third, this research address the
accountability deficit in autonomous operations research by treating interpretability and
probabilistic calibration as first-class design requirements rather than post-hoc compliance
exercises [68]. The integration of SHAP attribution with Platt scaling transforms opaque risk
scores into auditable decision artifacts. This alignment of technical performance with
organizational transparency directly engages emerging scholarship on algorithmic governance,
demonstrating that explainability enhances both model reliability and managerial trust when
embedded into the decision workflow. For supply chain practitioners, the architecture provides
a deployable pathway to transition from lagging KPIs and static alert thresholds to anticipatory
risk intelligence [69]. The calibrated probability outputs enable procurement and inventory
managers to establish escalation rules grounded in observed disruption frequencies rather than
arbitrary cutoffs. The adaptive thresholding mechanism further mitigates alert fatigue by
modulating sensitivity according to promotional intensity, historical volatility, and recent
escalation history critical in retail environments where marketing campaigns routinely generate
demand noise [70].

This transparency supports human-in-the-loop review, satisfies internal audit requirements, and
facilitates cross-functional alignment between demand planning, procurement, and finance.
Moreover, the sliding-window retraining and drift-monitoring components ensure that the
system remains operationally relevant in non-stationary retail contexts without requiring full
model redevelopment, reducing long-term maintenance overhead [71]. From a strategic
administration perspective, the framework offers a blueprint for embedding Al-driven risk
intelligence within existing command centers. By coupling confidence thresholds, monetary
caps, and escalation triggers directly into the model specification, organizations can automate
routine monitoring while preserving managerial discretion for high-impact decisions. This
hybrid automation model aligns with contemporary best practices in algorithmic governance,
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balancing efficiency with accountability. Notwithstanding these contributions, several
limitations warrant careful scholarly and practical consideration [72]. First, empirical validation
relies on a single retail dataset from Ecuador. While the oil-dependent macroeconomic context
and complex holiday calendar provide a rigorous testbed, generalizability to manufacturing,
cold-chain logistics, or B2B distribution networks remains unverified. Second, the architecture
is fundamentally predictive rather than causal; while it excels at signal detection and early
warning, it does not isolate structural drivers of disruption or quantify the marginal impact of
specific interventions [73]. Third, computational demands daily LSTM retraining and SHAP
attribution across thousands of store-family combinations may constrain deployment in
resource-limited settings, though model distillation or edge-computing adaptations could
mitigate this. Finally, the human-in-the-loop protocol assumes managerial capacity for tiered
review; organizations with lean operations may require automated triage rules that trade off
some interpretability for scalability [74].

6. Conclusion

The transition from reactive firefighting to anticipatory supply chain governance requires more
than incremental forecasting improvements; it demands architectures that are temporally aware,
contextually grounded, probabilistically calibrated, and operationally auditable. This study
demonstrates that a hybrid LSTM-GBM framework, explicitly engineered for risk signal
detection rather than point prediction, can deliver on these requirements. By embedding
explainability, adaptive thresholding, and continuous drift monitoring into the model lifecycle,
this research offer a reproducible blueprint for transforming machine learning outputs into
actionable governance intelligence. As retail ecosystems grow increasingly volatile and
interconnected, the capacity to detect, interpret, and act upon emerging risk trajectories will
separate organizations that merely survive disruption from those that govern it proactively.
References

1. Wang, B., & Zain, A. B. M. (2025). A Hybrid XGBoost-LSTM Framework for Supply
Chain Demand Forecasting: Empirical Evidence from Retail Multi-Store Data. Journal
of Cultural Analysis and Social Change, 4056-4073.

2. Xiaoyang, C. (2025). Explainable dual LSTM-autoencoders with exogenous features
for anomaly detection and supply chain forecasting. Scientific Reports, 15(1), 42371.

3. Mishra, H., Sharma, G., Sharma, N., & Tripathi, A. (2026). Al-Based Predictive Waste
Reduction System in Supermarkets: A Dashboard-Driven Approach. International
Journal of Science and Technology (1JST), 3(2), 12-23.

4. Neti, K. (2025). Enhancing Product Supply Forecasting in the Presence of Returns in
Retail Supply Chains Through Data-Driven Modeling (Master's thesis, State University
of New York at Binghamton).

5. Sawalha, S. F. (2022). Towards a High-Speed Big Data Analytics Framework for
loT (Doctoral dissertation, Princess Sumaya University for Technology (Jordan)).

6. Ben Dalla, L. O. F., Medeni, T. D., Medeni, I. T., & Ulubay, M. (2025). Enhancing
Healthcare Efficiency at Almasara Hospital: Distributed Data Analysis and Patient Risk
Management. Economy: Strategy and Practice, 19(4), 54-72.
https://doi.org/10.51176/1997-9967-2024-4-54-72

7. Gupta, A., & Remella, S. (2026). Deep Learning Models for Predicting Cyber-Physical
Attacks in Supply Chain Networks. International Journal of Artificial Intelligence,
Data Science, and Machine Learning, 7(1), 135-140.

8. Dalla, L. O. F. B. (2020). Modeling by using Generic Modeling Environment (GME)
Domain specific modeling language (DSL) for agile software development (ASD)
types.

9. ben Janna JI., Megenu T.J1., Menenu N.T., Yny6ait M. IloBbienue 3¢(heKTUBHOCTH
3IpaBoOOXpaHeHUs B OoibHUIIE AJiMacapa: aHalW3 pPacHpeleICHHBIX [aHHBIX |

1000


https://doi.org/10.51176/1997-9967-2024-4-54-72

Tariq Alnnale 1 2aad) 2l aglall 3 g L8l Alaa

10.

11.

12.

13.

14.

15.

16.

17.

18.

19.

20.

21.

22.

yIpaBleHUE pUCKaMU Juisl TalenToB. Economy: strategy and practice. 2024;19(4):54-
72. https://doi.org/10.51176/1997-9967-2024-4-54-72

FARAJ, L. O. (2017). OBSERVATIONS ON EVOLUTION OF LEAN SOFTWARE
DEVELOPMENT (LSD). 88
pages.https://tez.yok.gov.tr/Ulusal TezMerkezi/tezDetay.jsp?id=R_EJIXYiIWWNffOuW
M4F4eXQ&no=fiwArXgOvIJPKmFC-nX3H-w

Dalla, L. O. F. B. (2020). IT security Cloud Computing. . In 2020 IT security Cloud
Computing  Applications  Conference  (ITSCC) (pp. 1-10). IEEE.
https://doi.org/10.16377/ITSCC 50717.2020.9259880

Degirmenci, A., & Karal, O. (2022). iMCOD: Incremental multi-class outlier detection
model in data streams. Knowledge-Based Systems, 258, 109950.
https://doi.org/10.1016/j.knosys.2022.109950

Alsharif, A., Solman, F. I, Gheidan, A. A. S., Ahmed, A. A., Dalla, L. O. F. B., Alsharif,
M. A, ... & Imbayah, I. (2026). Photovoltaic Cells: Principles of Operation and
Performance Characteristics. Journal of Scientific and Human Dimensions, 718-748.
https://doi.org/10.65421/jshd.v2i1.122

Alsharif, A., Ahmed, A. A., Musa, Z. A, Dalla, L. O. F. B., & Nouh, A. (2026). Drugs:
The Path of Darkness Between Religious Awareness and Societal Loss. International
Journal of Academic Publishing in Educational Sciences and Humanities
(IJAPESH), 2(1), 49-56.

A-abdullatef, M. M., Albaraesi, M. J. S., EL-sseid, M. A. M., Dalla, L. O. B., Ahmed,
A. A., Agila, A., & Alsharif, A. (2026). Tri-Conditional Biomechanical Signature
Extraction: A Hybrid Framework Integrating Multivariate Functional Clustering, Cross-
Modal Regression, and Inter-Subject Classification for Discriminative Gait Pattern
Analysis. Comprehensive Science Journal, 10(39), 1063-1087.
https://doi.org/10.65405/0j1byd74

Elghaffi, F. S. A. (2026). Temporal Dynamics in Intraoperative Monitoring: A Novel
LSTM-Based Framework for Multivariate Time Series Classification in Critical Care
Events. Temporal Dynamics in Intraoperative Monitoring: A Novel LSTM-Based
Framework for Multivariate Time Series Classification in Critical Care Events.
https://cjos.histr.edu.ly/index.php/journal

Elghaffi, F., Mohammed, O., Dalla, L., Ahmed, A., Agila, A., & EL-Sseid, M. (2026).
Hybrid Matrix-Ensemble Framework for Chronic Kidney Disease Diagnosis. Wadi
Alshatti University Journal of Pure and Applied Sciences, 4(1), 263-

276. https://doi.org/10.63318/waujpasv4il 28

DALLA, L. B. (2020). The Sustainable Efficiency of Modeling a Correspondence
Undergraduate Transaction Framework by using Generic Modeling Environment
(GME. Ben Dalla. International Journal of Engineering and Modern Technology E-
ISSN 2504-8848 P-ISSN 2695-2149 . Vol 6 No 1 2020 www.iiardpub.org

Dalla, L. O. B., Karal, O., Degirmenci, A., EL-sseid, M. A. M., Essgaer, M., & Alsharif,
A. (2025). A comprehensive literature review (LR) on optimization algorithms of
sewage water treatment processes. Comprehensive Science Journal, 10(37), 3204-3220.
Dalla, L. O. F. B.,, & AHMAD, T. M. A. (2024). Integration of Artificial Bee Colony
Algorithm with Deep Learning for Predictive Maintenance in Industrial IoT.

Ben Dalla, L., Medeni, T. M., Agila, A. A., & Medeni, I. M. (2024). Architectural
Synergy: Investigating the Role of Artificial Neural Networks in Enabling Deep
Learning. The International Journal of Engineering & Information Technology
(1JEIT), 12(1), 96-103.

Ramadhan, H. R. S., Osman, M. O. M., Dalla, L. O. F. B., Rashid, T. A., Albaraesi, M.
J. S, El-Sseid, M. A. M., & Alnnale, T. (2025). A New Approach of the Machine

1001


https://doi.org/10.51176/1997-9967-2024-4-54-72
https://doi.org/10.16377/ITSCC%2050717.2020.9259880
https://doi.org/10.1016/j.knosys.2022.109950
https://doi.org/10.65421/jshd.v2i1.122
https://doi.org/10.65405/0j1byd74
https://cjos.histr.edu.ly/index.php/journal
https://doi.org/10.63318/waujpasv4i1_28

Tariq Alnnale 1 2aad) 2l aglall 3 g L8l Alaa

23.

24.

25.

26.

217.

28.

29.

30.

31.

32.

33.

34.

35.

36.

Learning Framework Integrating Policy Design to Predict Renewable Electricity
Penetration in Resource-Constrained Settings. Comprehensive Science Journal,
10(Supplement 38), 2929-2950

Albaraesi, M. J. S., Ali, M. A. M. A,, Dalla, L. O. B., EL-sseid, M. A. M., Medeni, T.
D., Medeni, i. T., & Alnnale, T. (2025). Random construction in the city of Al-Bayda
during the period 2011-2022 and its irregular expansion and its impact on the urban
landscape. Comprehensive Science Journal, 10 (Supplement 38), 2590-2614.
A-abdullatef, M. M., Osman, M. O. M., Elghaffi, F. S. A, Dalla, L. O. B., Agila, A. A.
A., & Alsharif, A. (2025). LATENT: Low-Latency Anomaly Tracking in National
Electricity Time-Series Using Hybrid LSTM-Regression Architectures—A Case Study
of Bangladesh’s PGCB Grid. Comprehensive Science Journal, 9(36), 1891-1912.
Jetlawei, S. S., Dalla, L. O. B., Karal, O., Degirmenci, A., EI-Sseid, M. A. M., Essgaer,
M., & Alsharif, A. (2025). Temporal Intelligence and Algorithmic Equity: A Multi-
Phase Framework for Predictive Student Success in Higher Education. Comprehensive
Science Journal, 9(36), 1574-1595.https://doi.org/10.65405/f0xx5p02

Dalla, L. O. F. B. (2020). Lean Software Development Practices and Principles in Terms
of Observations and Evolution Methods to increase work environment
productivity. International Journal of Engineering and Modern Technology, 6(1), 23-
45.

Loganathan, K. A., & Chinnaraju, A. (2025). Al-Native Supply Chain Resilience: A
Multimodal Architecture for Predictive Intelligence, Optimization, and Real-Time
Decision-Making.

Dalla, L. O. F. B.,, & AHMAD, T. M. A. (2024). IMPROVE DYNAMIC DELIVERY
SERVICES USING ANT COLONY OPTIMIZATION ALGORITHM IN THE
MODERN CITY BY USING PYTHON RAY FRAMEWORK.

Karal, O. (2020). Performance comparison of different kernel functions in SVM for
different k value in k-fold cross-validation. In 2020 Innovations in Intelligent Systems
and Applications Conference (ASYU) (pp. 1-5). IEEE.
https://doi.org/10.1109/ASYU50717.2020.9259880

Ben Dalla, L., Medeni, T. M., Zbeida, S. Z., & Medeni, I. M. (2024). Unveiling the
Evolutionary Journey based on Tracing the Historical Relationship between Artificial
Neural Networks and Deep Learning. The International Journal of Engineering &
Information Technology (I1JEIT), 12(1), 104-110.

Dalla, L. O. F. B. (2020). Lean Software Development Practices and Principles in Terms
of Observations and Evolution Methods to increase work environment productivity.
Qin, Z., Luo, Q., Nong, X., Chen, X., Zhang, H., & Wong, C. U. I. (2025). Mas-Istm:
A multi-agent Istm-based approach for scalable anomaly detection in iiot
networks. Processes, 13(3), 753.

Ben Dalla, L., MEDENI, T., MEDENI, i., & ULUBAY, M. (2024). Enhancing
Healthcare Efficiency at Almasara Hospital: Distributed Data Analysis and Patient Risk
Management. Economy: strategy and practice, 19(4).

Li, H. (2026). Sensor-driven Al Framework for Sustainable Agri-food Supply Chain:
Policy Gradient Optimization with 10T and Twin Delayed Deep Deterministic Policy
Gradient Algorithm. Sensors and Materials, 38(3), 1537-1551.

BEN, D. L., MEDENI, T., MEDENI, I, & ULUBAY, M. (2024). ENHANCING
HEALTHCARE EFFICIENCY AT ALMASARA HOSPITAL: DISTRIBUTED
DATA ANALYSIS AND PATIENT RISK MANAGEMENT. DKOHOMHKA, 19(4),
54-72.

Sattar, M. U., Dattana, V., Hasan, R., Mahmood, S., Khan, H. W., & Hussain, S. (2025).
Enhancing supply chain management: A comparative study of machine learning

1002


https://doi.org/10.1109/ASYU50717.2020.9259880

Tariq Alnnale 1 2aad) 2l aglall 3 g L8l Alaa

37.

38.

39.

40.

41.

42.

43.

44,

45.

46.

47.

48.

49.

50.

51.

52.

techniques with cost-accuracy and ESG-based evaluation for forecasting and risk
mitigation. Sustainability, 17(13), 5772.

Ben Dalla, L., Medeni, T. M., Agila, A. A., & Medeni, I. M. (2024). Architectural
Synergy: Investigating the Role of Artificial Neural Networks in Enabling Deep
Learning. The International Journal of Engineering & Information Technology
(IJEIT), 12(1), 96-103.

Dalla, L. O. F. B. (2020). The Influence of hospital management framework by the
usage of Electronic healthcare record to avoid risk management (Department of
Communicable Diseases at Misurata Teaching Hospital: Case study). EHRM, 20(4),
22-52. https://doi.org/20.51176/1954-9923-2020-4-22-52

James, U. U. (2022). Machine learning-driven anomaly detection for supply chain
integrity in 5G industrial automation systems. International Journal of Scientific
Research in Science, Engineering and Technology, 9(2), 2017-2023.

Dalla, L. O. F. B. (2020). Dorsal Hand Vein (DHV) Verification in Terms of Deep
Convolutional Neural Networks with the Linkage of Visualizing Intermediate Layer
Activations Detection. International Journal of Engineering and Modern Technology E-
ISSN 2504-8848 P-ISSN 2695-2149 Vol 6 No 2 2020 www.iiardpub.org

Smith, J., & Johnson, E. (2025). A Hybrid Intelligence Framework for Real-Time
Anomaly Detection in Smart Grid Transactions. Global Knowledge Academy, 6(3), 51-
70.

Dalla, L. O. F. B. (2020). Convolutional Neural Network Baseline Model Building for
Person Re-ldentification. International Journal of Engineering and Modern Technology
E-ISSN 2504-8848 P-ISSN 2695-2149 Vol. 6 No. 3 2020 www.iiardpub.org
Bhavikatta, N. B., & Goluguri, N. V. R. (2026). Multi dataset LSTM analysis for
accurate and sustainable supply chain forecasting. Discover Sustainability.

Dalla, L. O. F. B. (2020). The Influence of hospital management framework by the
usage of Electronic healthcare record to avoid risk management (Department of
Communicable Diseases at Misurata Teaching Hospital: Case study).

Essien, I. A., Nwokocha, G. C., Erigha, E. D., Obuse, E., & Akindemowo, A. O. (2025).
Hybrid Al Models for Real-Time Decision-Making in Dynamic Business
Environments: A Comparative Study of XGBoost, LSTM, and Reinforcement
Learning. International Journal of Scientific Research in Humanities and Social
Sciences, 2(4), 156-174.

Dalla, L. O. F. B. (2020). Dorsal Hand Vein (DHV) Verification in Terms of Deep
Convolutional Neural Networks with the Linkage of Visualizing Intermediate Layer
Activations Detection..

Degirmenci, A., & Karal, O. (2022). Efficient density and cluster based incremental
outlier detection in data streams. Information Sciences, 607, 901-920.

Dalla, L. O. F. B. (2020). Modeling by using Generic Modeling Environment (GME)
Domain specific modeling language (DSL) for agile software development (ASD)
types.

Mohanan, P. V. (Ed.). (2025). Artificial intelligence and biological sciences. CRC
Press, Taylor & Francis Group.

Dalla, L. O. F. B. (2020). Convolutional Neural Network Baseline Model Building for
Person Re-ldentification..

Ersoy, E., & Karal, O. (2012). Yapay sinir aglar1 ve insan beyni. Insan ve Toplum
Bilimleri Arastirmalart Dergisi, 1(2), 188-205.

Dalla, L. O. B., Medeni, T. D., & Medeni, I. T. (2024). Evaluating the Impact of
Acrtificial Intelligence-Driven Prompts on the Efficacy of Academic Writing in
Scientific Research. Afro-Asian Journal of Scientific Research (AAJSR), 48-60.

1003


https://doi.org/20.51176/1954-9923-2020-4-22-52
http://www.iiardpub.org/

Tariq Alnnale 1 2aad) 2l aglall 3 g L8l Alaa

53.

54.

55.

56.

S7.

58.

59.

60.

61.

62.

63.

64.

65.
66.

67.

68.

69.

70.

Karal, O. (2024). Comparative performance analysis of epsilon-insensitive and
pruningbased algorithms for sparse least squares support vector regression. Sigma
Journal of Engineering and Natural Sciences, 42(2), 578-589.

Karal, O. (2024). Comparative performance analysis of epsilon-insensitive and
pruningbased algorithms for sparse least squares support vector regression. Sigma
Journal of Engineering and Natural Sciences, 42(2), 578-589.

Dalla, L. B., Karal, O., Mhamed, E. S., & Alsharif, A. (2026). An loT-enabled, THD-
based fault detection and predictive maintenance framework for solar PV systems in
harsh climates: integrating DFT and machine learning for enhanced performance and
resilience. Wadi Alshatti University Journal of Pure and Applied Sciences, 41-55.

Ben Dalla, L, O, F. Medeni, T, Medeni, 1.(2024). Evaluating the Impact of Artificial
Intelligence-Driven Prompts on the Efficacy of Academic Writing in Scientific
Research

Ben Dalla, L, O, F. (2021).Literature review (LR) on the powerful of Research
methodology processes life cycle. In 2021 Conference (TPRMPLCC) (pp. 1-10). IEEE.
https://doi.org/10.16543/TPRMPLCC 50717.2020.92876580

Ben Dalla, L, O, F. (2021). Literature review (LR) on the dominant of Research
methodology. Conference (LRDRMC) (pp. 1-14). IEEE.
https://doi.org/10.6754/LRDRMC56412.2020.45987623

Rong, C. (2024). Operation and Management Optimization on Data-Driven Intelligent
Parking Reservation Platform (Doctoral dissertation, ISCTE-Instituto Universitario de
Lisboa (Portugal)).

Ben Dalla, L, O, F. (2021). The enhancement of English level of EFL learners by using
English  idioms  while practices their  English  (Literature  review).
IEEE.EFLLEILR50303.2021.6592929

Soisoonthorn, T., & Unger, H. (2025). A Brain-Inspired Approach to Natural Language
Processing. Springer Nature.

Dalla, L. O. B., Medeni, T. D., & Medeni, I. T. (2024). Evaluating the Impact of
Artificial Intelligence-Driven Prompts on the Efficacy of Academic Writing in
Scientific Research. The journal of Afro-Asian Scientific Research (AAJSR), 48-60.
Ben Dalla, L,O, F, M.eljali, E, Agila, A,A A, (2020). The evaluation of the daily profits
of the group of cosmetics Sephora branches by using distributed systems the K-means
algorithm and WEKA visualization. (KMAWYV) (pp. 1-15). IEEE.https://doi.org/10.
32879/ KMAWV50717.2020.65432879

Muttagi, M., Degirmenci, A., & Karal, O. (2022, September). US accent recognition
using machine learning methods. In 2022 Innovations in Intelligent Systems and
Applications Conference (ASYU) (pp. 1-6).
IEEE.https://doi.org/10.1109/ASY U56188.2022.9925265

Ben Dalla. (2020). LANGUAGE PLANNING. Researchgate.com

Degirmenci, A., & Karal, O. (2022). Efficient density and cluster based incremental
outlier detection in data streams. Information Sciences, 607, 901-920.

Karal, O. (2017). Maximum likelihood optimal and robust support vector regression
with Incosh loss function. Neural networks, 94, 1-12.

Karal, O. (2020). Performance comparison of different kernel functions in SVM for
different k value in k-fold cross-validation. In 2020 Innovations in Intelligent Systems
and Applications Conference (ASYU) (pp. 1-5). IEEE.

Ersoy, E., & Karal, O. (2012). Yapay sinir aglar1 ve insan beyni. Insan ve Toplum
Bilimleri Arastirmalar: Dergisi, 1(2), 188-205.

Degirmenci, A., & Karal, O. (2021). Robust incremental outlier detection approach
based on a new metric in data streams. IEEE Access, 9, 160347-160360.

1004


https://doi.org/10.16543/TPRMPLCC%2050717.2020.92876580
https://doi.org/10.6754/LRDRMC56412.2020.45987623
https://doi.org/10.%2032879/KMAWV50717.2020.65432879
https://doi.org/10.%2032879/KMAWV50717.2020.65432879
https://doi.org/10.%2032879/KMAWV50717.2020.65432879

Tariq Alnnale 1 2aad) 2l aglall 3 g L8l Alaa

71. KARAL, O. (2018). Destek vektor regresyon ile EKG verilerinin sikistirilmasi. Gazi
Universitesi Mihendislik-Mimarlik Fakiiltesi Dergisi, 2018(2018).

72. Apaydin, M., Yumus, M., Degirmenci, A., & Karal, O. (2022). Evaluation of air
temperature with machine learning regression methods using Seoul City meteorological
data. Pamukkale Universitesi Miihendislik Bilimleri Dergisi, 28(5), 737-747.

73. Degirmenci, A., & Karal, O. (2018). Evaluation of kernel effects on svm classification
in the success of wart treatment methods. Am. J. Eng. Res, 7, 238-244.

74. Karim, A. M., Karal, O., & Celebi, F. V. (2018). A new automatic epilepsy serious
detection method by using deep learning based on discrete wavelet transform.
In Proceedings of the 3rd International Conference on Engineering Technology and
Applied Sciences (ICETAS) (Vol. 4, pp. 15-18).

1005



