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Abstract

Supply chain disruptions in regional food distribution networks can generate cascading impacts due to complex interdependencies among
producers, warehouses, distributors, retailers, and other supply chain entities. Existing risk prediction approaches often rely on static
representations and independent feature analysis, limiting their ability to capture dynamic network evolution, risk propagation mechanisms,
and interpretable decision support. This study proposes a Resilient Supply Chain Risk Prediction framework using graph-based learning
for a regional rice distribution network in Aceh Besar Regency and Banda Aceh City, Indonesia. The proposed framework integrates
Dynamic Supply Chain Graphs, Temporal Graph Neural Networks (Temporal GNNs), risk propagation analysis, and explainable artificial
intelligence (XAI) to model evolving supply chain relationships and identify disruption vulnerabilities. Operational data from rice mills,
warehouses, distributors, and traditional markets are transformed into sequential dynamic graph representations to capture changes in
supply availability, inventory conditions, transportation relationships, demand variations, and disruption patterns over time. Experimental
results demonstrate that the proposed Temporal GNN outperforms Random Forest, XGBoost, and LSTM models, achieving 92.40%
accuracy, 92.49% F1-score, and an AUC-ROC of 0.968. Furthermore, risk propagation analysis identifies critical nodes and disruption
pathways within the supply chain network, while explainability analysis using GNNExplainer and SHAP reveals that lead time, inventory
level, and supplier reliability are key factors influencing disruption risks. The proposed framework also supports resilience-oriented
decision-making by enabling proactive mitigation strategies, including route adjustment, inventory redistribution, and prioritization of
critical supply chain entities. This study contributes to supply chain risk analytics by providing an interpretable dynamic graph-based
learning framework that simultaneously captures network evolution, temporal risk patterns, cascading disruption behavior, and resilience
improvement strategies for regional food distribution systems.

Keywords: Supply Chain Resilience, Risk Prediction, Graph-Based Learning, Temporal Graph Neural Network, Explainable Artificial
Intelligence.

1. Introduction

Regional food distribution networks have become increasingly complex systems that require effective risk management strategies to
maintain supply continuity and operational resilience. Unlike traditional linear supply chains, regional food distribution involves multiple
interconnected actors, including producers, processing facilities, distributors, warehouses, retailers, and consumers, where material flows,
information exchanges, and operational dependencies create highly interconnected network structures [1]. The interaction among these
entities means that disruptions occurring at one location may not only affect the directly involved actor but may also propagate through
connected nodes, resulting in cascading impacts on inventory availability, transportation efficiency, and market stability [2]. Therefore,
understanding and predicting risk propagation within food distribution networks has become an important challenge in achieving resilient
supply chain systems.

The vulnerability of regional food distribution networks has increased due to growing uncertainties arising from climate variability,
transportation disruptions, demand fluctuations, supplier dependency, infrastructure limitations, and economic instability [3][4]. These
challenges are particularly critical in agricultural supply chains because food products often have short shelf-life characteristics, seasonal
production patterns, and strong dependence on reliable logistics and distribution networks [5]. Disruptions occurring at upstream production
facilities, intermediate distribution centers, or downstream markets may propagate through interconnected nodes, creating network-wide
imbalances that lead to inventory shortages, excessive stock accumulation, increased operational costs, and reduced service performance
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[6]. Consequently, effective supply chain risk management requires a transition from reactive disruption response toward predictive
approaches capable of identifying potential risk propagation patterns and supporting proactive resilience decisions [7].

Conventional approaches for supply chain risk assessment, including risk matrices, Failure Mode and Effects Analysis (FMEA), expert-
based evaluation, and statistical modelling, have provided valuable foundations for identifying potential vulnerabilities [8 ]. However, these
approaches generally analyze risk factors independently and often assume relatively stable relationships among supply chain entities,
limiting their ability to capture complex interdependencies and cascading effects that emerge within real-world distribution networks [9].
In practice, the failure or delay of a single supplier, warehouse, or transportation link can influence multiple downstream entities due to the
interconnected nature of supply networks, resulting in risk propagation across dependent nodes [10]. Therefore, supply chain risk analysis
increasingly requires a network-oriented perspective that considers both operational characteristics and structural relationships among
interconnected actors to better understand vulnerability patterns and disruption propagation mechanisms [11].

Recent advances in Artificial Intelligence (AI) and machine learning have created new opportunities for predictive supply chain analytics.
Various machine learning approaches, including Random Forest, Extreme Gradient Boosting (XGBoost), and Long Short-Term Memory
(LSTM), have demonstrated promising capabilities in demand forecasting, anomaly detection, supplier evaluation, and disruption
prediction [12]. Nevertheless, most existing machine learning models rely on independent feature representations, where each observation
is treated as an isolated sample. This limitation prevents conventional models from fully exploiting relational information, network
dependencies, and risk transmission mechanisms among interconnected supply chain entities. As a result, these models may achieve high
predictive performance while remaining insufficient for explaining how and why risks emerge, interact, and propagate throughout complex
supply chain networks. Recent developments in graph-based learning provide an opportunity to overcome this limitation by representing
supply chains as interconnected structures and learning hidden dependencies among network entities [13][14].

Graph-Based Learning provides a promising alternative by enabling supply chain systems to be represented as graph structures. In this
representation, operational entities are modeled as nodes, while logistics connections, transaction relationships, and dependency links are
represented as edges. Such representations allow predictive models to incorporate both node-level attributes and network-level information,
enabling the analysis of relational dependencies that are difficult to capture using conventional approaches [13]. Recent developments in
Graph Neural Networks (GNNs), including Graph Convolutional Networks (GCN) and Graph Attention Networks (GAT), have
demonstrated the ability to learn complex relational patterns through message-passing mechanisms [15][16]. These capabilities make GNN-
based approaches particularly suitable for modeling interconnected supply chain systems where risk outcomes are influenced not only by
individual entity conditions but also by the structural characteristics and dependencies within the network [17].

Despite the potential of graph-based learning, several limitations remain in current supply chain risk prediction studies. First, many existing
approaches represent supply chain networks as static graphs, whereas real-world distribution networks continuously evolve due to changes
in demand patterns, inventory conditions, supplier performance, transportation availability, and market dynamics [18]. Second, existing
predictive models commonly focus on identifying disruption occurrence without explicitly modeling the propagation of risks across
connected supply chain entities, limiting their ability to capture cascading effects within interconnected networks [10]. Third, the limited
interpretability of deep learning models creates challenges for operational decision-making, as supply chain managers require transparent
information regarding the factors influencing risk predictions and the identification of critical nodes that require intervention [12].

To address these limitations, this study proposes a Dynamic Supply Chain Graph-Based Risk Prediction Framework that integrates dynamic
graph representation, risk propagation prediction, and explainable Graph Neural Networks. The proposed framework constructs a time-
dependent graph representation of regional food distribution networks by incorporating operational factors such as demand variability,
inventory status, transportation reliability, supplier performance, and historical disruption patterns. A GNN-based predictive model is
developed to estimate disruption risks while capturing the propagation patterns of risks across interconnected entities. Furthermore,
explainability mechanisms based on GNNExplainer and SHAP are incorporated to identify critical nodes, influential relationships, and
major factors contributing to predicted risk levels. This combination enables not only accurate risk prediction but also interpretable insights
to support proactive supply chain resilience strategies.

The proposed framework is evaluated using an empirical case study of a regional rice distribution network involving rice milling facilities,
food distributors, and traditional markets across Aceh Besar Regency and Banda Aceh City, Indonesia. This network represents a typical
regional food supply chain structure characterized by upstream production activities, intermediate distribution channels, and downstream
market dependencies. The case study provides a realistic environment for evaluating dynamic graph-based risk prediction because
disruptions in one part of the network may influence supply availability and distribution performance across connected locations.
Accordingly, this study aims to achieve four objectives: (1) to develop a dynamic graph representation framework for regional food
distribution networks by integrating structural relationships and operational characteristics over time; (2) to develop and evaluate a Graph
Neural Network-based model for predicting supply chain disruption risks and analyzing risk propagation patterns; (3) to incorporate
explainability mechanisms using GNNExplainer and SHAP for identifying critical nodes, influential relationships, and major risk
contributors; and (4) to provide decision-support insights for improving supply chain resilience through proactive risk identification and
targeted mitigation strategies. The main contributions of this study are the development of a dynamic graph-based framework for food
distribution risk prediction, the integration of explainable GNN for understanding risk propagation mechanisms, and the provision of
interpretable analytics to support resilience enhancement in regional supply chain networks.

2. Literature Review

Research on supply chain risk management has evolved from qualitative risk identification approaches toward quantitative and data-driven
methods that support more effective decision-making. Early studies in this field primarily focused on identifying different categories of
supply chain risks, including supply risk, demand risk, operational risk, financial risk, and environmental risk, with the objective of
understanding the sources and consequences of disruptions [19][20]. Subsequently, mathematical modeling, simulation, and optimization
approaches were introduced to evaluate disruption impacts and develop mitigation strategies through quantitative risk assessment and
scenario-based analysis [21]. Although these approaches have significantly contributed to supply chain risk analysis, many existing models
still assume relatively stable and linear relationships among supply chain entities. Such assumptions limit their capability to represent real-
world supply chains characterized by complex interdependencies, dynamic interactions, and cascading effects, where disruptions in one
entity may propagate throughout the entire network [8][22].
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The rapid development of digital technologies and the increasing availability of operational data have accelerated the adoption of machine
learning techniques in supply chain analytics. Various machine learning algorithms, including Random Forest, Support Vector Machine,
Extreme Gradient Boosting (XGBoost), and Long Short-Term Memory (LSTM), have been applied to address several supply chain
problems, such as demand forecasting, delivery delay prediction, supplier risk assessment, and operational anomaly detection [23][24][12].
These approaches have demonstrated promising predictive capabilities by identifying complex patterns from historical and contextual data
[12]. However, most existing machine learning models rely on feature-based learning paradigms, where observations are treated as
independent data points without explicitly considering relationships among supply chain entities. Consequently, conventional machine
learning approaches remain limited in capturing structural dependencies and risk transmission mechanisms that naturally exist within
interconnected supply chain networks [12][13].

To overcome the limitations of feature-based approaches, network science has been increasingly adopted to analyze supply chains as
complex interconnected systems. In this perspective, supply chain entities, such as suppliers, production facilities, warehouses, distributors,
and markets, are represented as nodes, while logistics connections, transaction relationships, and operational dependencies are modeled as
edges. Network-based analysis enables researchers to investigate structural characteristics, including centrality, connectivity, density, and
vulnerability, to identify critical actors and potential weak points within supply chain networks [25][26]. Nevertheless, traditional network
analysis approaches are generally descriptive and static in nature. These methods are effective for understanding network structures at a
specific point in time but remain limited in predicting how network configurations evolve and how risks dynamically propagate under
changing operational conditions [27][28].

The emergence of Graph-Based Learning has provided a new direction for addressing these limitations by enabling machine learning
models to directly operate on graph-structured data. Among these approaches, Graph Neural Networks (GNNs) have gained considerable
attention due to their ability to learn node representations by aggregating information from neighboring nodes through message-passing
mechanisms [17]. Unlike conventional machine learning models, GNNs can simultaneously capture individual node attributes and
structural information embedded within network relationships [13]. Recent GNN variants, such as Graph Convolutional Networks (GCN)
and Graph Attention Networks (GAT), have demonstrated strong performance in various complex network applications by exploiting
graph topology and relational dependencies [15][16]. Within the supply chain domain, early studies have explored GNN-based approaches
for logistics optimization, transportation disruption prediction, and supplier relationship analysis [29][30]. These studies indicate that
incorporating graph structures can improve predictive performance by exploiting relational information that is overlooked by conventional
models [31][32].

3. Method

The proposed research framework is illustrated in Figure 1. The framework consists of six sequential stages, beginning with supply chain
data collection and preprocessing, followed by dynamic graph construction, Temporal Graph Neural Network (Temporal GNN)-based risk
prediction, risk propagation analysis, explainable artificial intelligence (XAI), and resilience-oriented decision support. These stages form
an integrated analytical pipeline designed to provide accurate, interpretable, and proactive risk prediction for regional food distribution
networks.

Supply Chain Dynamic Temporal ) Rif:kl N Explainable Al N Decision
Data Graph GNN Prediction (SHAP/GNNEXxp.) Support

Fig 1. Proposed Research Framework

The study employs a quantitative modeling and simulation approach using a regional rice distribution network as an empirical case study,
involving rice milling facilities, distributors, warchouses, and traditional markets as interconnected supply chain entities. Operational data
are collected from government agencies and public databases, including commodity flows, transportation records, inventory levels,
warehouse capacities, market demand, and historical disruption events. The data are preprocessed and transformed into node and edge
attributes representing operational characteristics and interdependencies among entities. The supply chain network is modeled as a sequence
of temporal graphs Gt=(Vt,Et,Xt)G_t=(V_t,E_t,X t)Gt=(Vt,Et,Xt), where VtV_tVt represents entities, EtE_tEt denotes relationships, and
XtX tXt contains time-dependent attributes. Weekly graph snapshots are generated to capture variations in inventory conditions,
transportation availability, demand fluctuations, and supply capacity, enabling the analysis of dynamic risk propagation and resilience
across interconnected distribution networks through time-evolving graph representations [1][2][28].

Risk prediction is performed using a Temporal Graph Neural Network (Temporal GNN) that simultaneously learns structural relationships
among connected entities and temporal dependencies across consecutive graph snapshots [17][28]. The model predicts the disruption
probability for each node while estimating how operational disturbances propagate throughout the supply chain network. Binary cross-
entropy is employed for node-level risk classification, whereas mean squared error is used to estimate disruption impact during risk
propagation. Model parameters are optimized using the Adam optimizer based on historical disruption records.

To improve the transparency of the proposed framework, an explainable artificial intelligence module is incorporated after the prediction
stage. GNNExplainer is employed to identify influential nodes, critical edges, and important subgraph structures responsible for disruption
predictions, while SHAP is used to quantify the contribution of operational variables such as demand variability, inventory level,
transportation reliability, supplier performance, and lead time. This explainability mechanism enables stakeholders to understand both the
predicted risk level and the operational factors contributing to network vulnerability, thereby improving the reliability of mitigation
planning.

Finally, the proposed framework is evaluated by comparing its predictive performance with conventional machine learning and deep
learning models, including Random Forest and Long Short-Term Memory (LSTM). Model performance is assessed using Accuracy,
Precision, Recall, F1-score, and Area Under the Receiver Operating Characteristic Curve (AUC-ROC). In addition, supply chain resilience
is evaluated through two operational dimensions: robustness, which measures the network's ability to maintain operational per formance
under disruption scenarios, and recoverability, which measures the time required to restore normal operations following failures of critical
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nodes. The evaluation results are used to assess the effectiveness of the proposed framework in predicting supply chain risks, identifying
critical entities, and supporting resilience-oriented decision-making in regional food distribution networks.

4. Results and Discussion

4.1. Dynamic Supply Chain Graph Construction

The regional rice distribution network was successfully modeled as a dynamic weighted directed graph, enabling the representation of
temporal interactions among supply chain entities throughout the observation period. The constructed network consists of 65 nodes and
148 directed edges, representing rice mills, BULOG warehouses, private warehouses, regional distributors, and traditional markets
connected through commodity transportation relationships. Unlike conventional static graph representations, the proposed dynamic graph
continuously updates both network topology and operational attributes, allowing changes in supply availability, transportation conditions,
inventory levels, and market demand to be captured over time.

The structural characteristics of the constructed graph are summarized In Table 1.

Table 1. Structural characteristics of the dynamic supply chain graph

Characteristic Value
Study area Aceh Besar Regency — Banda Aceh City
Commodity Rice
Observation period 12 weeks
Total nodes 65
Rice mills 10
BULOG warehouses 2
Private warehouses 8
Regional distributors 15
Traditional markets 30
Directed edges 148
Average node degree  4.55
Graph density 0.036
Graph type Dynamic weighted directed graph

The temporal evolution of the network is presented in Figure 2, which illustrates representative graph snapshots at Weeks 1, 6, and 12.
During the observation period, the network topology evolved in response to changes in production capacity, inventory availability,
transportation conditions, and market demand. A supply disruption occurring during the middle observation period reduced the production
capacity of one major rice mill, encouraging distributors to establish alternative procurement routes through other suppliers. Consequently,
several new transportation links were formed, while shipment volumes and lead times along existing routes were adjusted. Toward the end
of the observation period, increasing consumer demand resulted in additional direct distribution routes from warehouses to major traditional
markets, improving commodity accessibility and increasing overall network connectivity.
Week 1 Week 6 Week 12
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Fig 2. Dynamic supply chain graph evolution

Graph-level analysis further demonstrates the adaptive behavior of the proposed network representation. The average node degree increased
from 4.12 in the initial observation period to 4.55 in Week 12, while graph density increased from 0.033 to 0.036, indicating stronger
interconnectivity through the establishment of additional supplier relationships and transportation routes. These structural changes confirm
that the proposed dynamic graph effectively captures both topological evolution and temporal dependency, providing a richer representation
than conventional static graphs, which assume fixed relationships throughout the observation period.

The resulting dynamic graph provides the structural and temporal information required by the proposed Temporal Graph Neural Network
(Temporal GNN) to learn disruption patterns across interconnected supply chain entities. By preserving changes in both node attributes
and network topology, the proposed representation establishes a reliable foundation for the subsequent risk prediction and propagation
analysis.

4.2. Risk Prediction Performance Evaluation

This subsection evaluates the capability of the Temporal Graph Neural Network (Temporal GNN) model to predict disruption risks in
regional food distribution networks. The model's performance is compared against three baselines commonly used in predictive analysis:
Random Forest (RF), XGBoost, and Long Short-Term Memory (LSTM). All models were trained using the same dataset and evaluated
based on Accuracy, Precision, Recall, F1-score, and AUC-ROC to ensure a fair comparison.

Table 2. Predictive performance comparison

Model Accuracy (%)  Precision (%) Recall (%) Fl-score (%) AUC-ROC
Random Forest 81.20+0.91 79.50 £ 0.84 76.40 +1.03 77.90 + 0.95 0.842
XGBoost 84.60 +0.74 83.10+0.71 81.00+0.86  82.04+0.79 0.885
LSTM 86.80 + 0.62 85.20 £ 0.58 84.70 £ 0.65 84.95+0.61 0912

Proposed Temporal GNN 92.40 +0.48 91.80+0.44 93.20 +0.39 92.49 +£0.42 0.968
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The overall prediction accuracy of the evaluated models is presented in Figure 3, while the corresponding Receiver Operating Characteristic
(ROC) curves are illustrated in Figure 4.
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Fig 3. Accuracy comparison between baseline models and the proposed Temporal GNN.
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Fig 4. Receiver operating characteristic (ROC) curves of the evaluated prediction models.

As summarized in Table 2, the proposed Temporal Graph Neural Network (Temporal GNN) consistently achieved the highest performance
across all evaluation metrics. The proposed model attained an accuracy of 92.40%, an F1-score of 92.49%, and an AUC-ROC of 0.968,
demonstrating excellent capability in distinguishing disrupted and non-disrupted supply chain nodes. Compared with LSTM, XGBoost,
and Random Forest, the proposed framework improved prediction accuracy by approximately 5.6%, 7.8%, and 11.2%, respectively. The
ROC curves shown in Figure 4 further confirm these findings, where the proposed model consistently dominates the baseline methods
across almost the entire range of false positive rates, indicating superior classification performance and greater robustness under varying
decision thresholds.

The superior predictive performance is primarily attributed to the model's ability to jointly exploit graph topology and temporal
dependencies within the regional food distribution network. Random Forest processes each node independently and therefore ignores
structural relationships among supply chain entities. Although XGBoost effectively captures nonlinear interactions between operational
variables, it relies on tabular representations that overlook network connectivity. Likewise, LSTM models temporal demand variations
more effectively than conventional machine learning methods but does not explicitly capture spatial dependencies among interconnected
suppliers, warehouses, distributors, and markets. In contrast, the proposed Temporal GNN simultaneously learns node attributes,
neighborhood interactions, and temporal graph evolution, enabling more accurate identification of disruption patterns. By integrating
structural dependencies with temporal information across consecutive graph snapshots, the model captures evolving risk dynamics that
cannot be represented by conventional machine learning approaches based on independent observations. This capability enables more
effective disruption forecasting and node-level risk identification in dynamic supply chain networks, where operational conditions
continuously change over time [28][33].

From a graph learning perspective, the performance improvement is mainly driven by the message-passing and neighborhood aggregation
mechanisms. During each propagation layer, node representations are iteratively updated by aggregating information from neighboring
nodes, allowing disruption-related information to propagate throughout the supply chain network. This process enables the model to capture
structural dependencies and relational patterns that cannot be represented by conventional machine learning methods operating on
independent observations [29][30]. Furthermore, neighborhood aggregation allows the model to incorporate contextual information from
connected entities, thereby improving its ability to identify disruption patterns influenced by local connectivity and network interactions
[32][34]. During each propagation layer, node representations are iteratively updated using information received from adjacent nodes,
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allowing disruption-related information to spread naturally throughout the network. Furthermore, the use of weekly dynamic graph
snapshots enables the model to capture temporal changes in supply chain conditions, including inventory fluctuations, supplier failures,
transportation delays, and demand variations. Such a dynamic graph representation provides richer spatial-temporal information than
conventional static models and substantially enhances the capability to predict disruption risks before cascading failures spread across the
distribution network [28][25][29].

The improved predictive capability provides important operational benefits for regional food distribution management. Early identification
of vulnerable nodes enables logistics operators to proactively reconfigure transportation routes, optimize inventory allocation, and prioritize
warehouse replenishment before disruptions affect downstream markets. Moreover, predictive risk information supports strategic food
reserve management by facilitating more effective stock redistribution and resource allocation, thereby strengthening the resilience of
regional food distribution networks under uncertain operating conditions. Nevertheless, identifying vulnerable nodes alone is insufficient
for resilient supply chain management because disruptions propagate through interconnected supply chain entities. Therefore, the following
section investigates how predicted risks spread across the dynamic supply chain graph using the proposed graph-based risk propagation
framework.

4.3. Risk Propagation Analysis

The proposed Temporal GNN successfully predicts disruption propagation across the regional food distribution network by exploiting both
graph topology and temporal dependencies. Unlike conventional prediction models that evaluate supply chain entities independently, the
proposed framework captures how disruption risks propagate through interconnected suppliers, warehouses, distributors, and retail markets,
providing a system-level representation of cascading failures.

Fig 5. Predicted disruption propagation across the dynamic food distribution network.

As illustrated in Figure 5, disruptions originate from Rice Mill M03 and propagate through BULOG Warehouse W02 before reaching the
major distribution hubs (D05 and D11) and the downstream Retail Market TO8. In contrast, alternative distribution routes remain within
the low-to-moderate risk category, indicating that disruption propagation is strongly influenced by the structural position of each node
within the supply chain graph rather than by individual node attributes alone. To further quantify the influence of each supply chain entity,
the predicted disruption probabilities for the most critical nodes are summarized in Table 3.

Table 3. Critical supply chain nodes identified by the proposed Temporal GNN.

Rank Node Node Type Risk Score  Predicted Disruption Probability (%)  Risk Level
1 Distributor D05 Distributor 0.94 94.3 Critical
2 BULOG Warehouse W02 Warehouse 0.91 91.6 Critical
3 Rice Mill M03 Rice Mill 0.88 88.5 High
4 Distributor D11 Distributor 0.86 86.8 High
5 Retail Market T08 Traditional Market 0.81 81.2 High

As presented in Table 3, Distributor D05 and BULOG Warehouse W02 exhibit the highest disruption probabilities, highlighting their
strategic roles as major distribution hubs within the regional food supply chain. Because these nodes connect multiple downstream entities,
disruptions occurring at these locations are more likely to trigger cascading failures than disruptions originating from peripheral nodes.
Such superior propagation prediction is mainly attributed to the message-passing and neighborhood aggregation mechanisms of the
Temporal GNN. During each temporal step, node representations are iteratively updated by aggregating information from neighboring
nodes and carrying the learned representations across consecutive graph snapshots. This process enables the model to capture indirect
dependencies and evolving disruption patterns that cannot be effectively represented by conventional machine learning models operating
on independent observations, thereby improving the prediction of risk propagation in dynamic supply chain networks [28]. From an
operational perspective, the predicted propagation paths provide valuable support for proactive risk mitigation. Early identification of
critical nodes enables inventory reinforcement, alternative supplier selection, transportation rerouting, and strategic stock redistribution
before disruptions propagate throughout the regional food distribution network, thereby improving preparedness and operational resilience
under disruption scenarios [35][36].
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4.5. Explainability Analysis of the Proposed Temporal GNN

To improve the transparency of the proposed prediction framework, the Temporal Graph Neural Network (Temporal GNN) was further
analyzed using GNNExplainer. This analysis aims to identify the most influential subgraph and node features contributing to disruption
risk prediction, allowing decision-makers to understand the rationale behind the model's predictions rather than relying solely on prediction
probabilities.

{a) Explanatery Subgraph for Target Node Distributor D05

(b} Top Explanatory Node Features

Invantory Lavel 0.241

0.1B7
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Demand o.138
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Fig 6. GNNExplainer visualization showing the influential subgraph and feature importance for the prediction of Distributor DOS.

As illustrated in Figure 6, the prediction for Distributor D05 (predicted risk = 0.94) is primarily influenced by its immediate upstream
connections with BULOG Warehouse W02 and Rice Mill M03. The edge linking BULOG Warehouse W02 to Distributor D05 exhibits
the highest explanation weight, indicating that disruptions occurring at this warehouse have the strongest influence on downstream risk. In
addition, the connection between Rice Mill M03 and BULOG Warehouse W02 contributes indirectly to the prediction through the message-
passing mechanism of the Temporal GNN. These results demonstrate that the proposed model captures localized structural dependencies
within the supply chain graph rather than evaluating each entity independently. The relative contribution of each explanatory feature is
summarized in Table 4.
Table 4. Top explanatory features identified by GNNExplainer.

Rank Feature Importance Score
1 Lead Time 0.283
2 Inventory Level 0.241
3 Supplier Reliability 0.187
4 Demand 0.138
5 Transportation Cost 0.085

As presented in Table 4, Lead Time is the most influential feature affecting disruption prediction, followed by Inventory Level and Supplier
Reliability. This result indicates that delivery delays and inventory shortages contribute more substantially to disruption risk than
transportation cost alone. The feature ranking also confirms that both operational conditions and supplier reliability jointly influence the
prediction process, enabling the model to capture complex interactions among interconnected supply chain entities.

From an operational perspective, the explainability analysis provides practical guidance for supply chain managers by identifying the
factors that should be prioritized to reduce disruption risk. Reducing lead time variability, maintaining adequate inventory levels at strategic
warehouses, and improving supplier reliability are expected to lower the predicted risk of cascading disruptions throughout the regional
food distribution network. Furthermore, the generated explanations enhance user confidence in the proposed decision-support system by
providing transparent evidence of how predictions are produced. This finding is consistent with previous studies demonstrating that
explainable graph learning improves model transparency and supports decision-making in graph-structured systems [37][39].

4.5. Supply Chain Resilience Evaluation

Beyond achieving high predictive performance, an effective supply chain risk prediction framework should also improve operational
resilience. This study therefore evaluates how early risk prediction and explainable decision support contribute to maintaining service
continuity and facilitating recovery following critical node disruptions in regional food distribution networks.
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Fig 7. Supply chain resilience under different disruption scenarios.

Figure 7 illustrates the operational workflow after a disruption occurs at a critical supply chain node. Under the conventional approach,
disruption detection is delayed, resulting in reactive mitigation, reduced service levels, and prolonged recovery. In contrast, the proposed
framework enables early warning through Temporal GNN-based risk prediction, followed by route reconfiguration and dynamic inventory
reallocation. These proactive actions reduce disruption impacts before they propagate throughout the distribution network. The quantitative
improvements achieved by the proposed framework are summarized in Table 5.

Table 5. Resilience performance comparison

Metric Without Framework  Proposed Framework  Improvement
Service Level (%) 88.4 95.7 +7.3%
Average Recovery Time (days) 6.8 3.9 —42.6%
Stockout Events 17 8 —52.9%
Inventory Loss (%) 11.8 6.9 —41.5%
Distribution Coverage (%) 82.5 94.1 +11.6%

As presented in Table 5, the proposed framework consistently outperformed the conventional disruption management strategy across all
resilience indicators. The service level increased from 88.4% to 95.7%, while the average recovery time decreased from 6.8 to 3.9 days,
indicating substantially faster restoration of supply chain operations. Likewise, stockout events were reduced by more than half,
accompanied by lower inventory losses and broader distribution coverage. These improvements demonstrate that integrating dynamic
graph learning with proactive mitigation strategies enables the supply chain to absorb disruptions more effectively while maintaining
operational performance.

These results indicate that the proposed framework supports logistics managers and public agencies in prioritizing mitigation actions before
disruptions escalate into large-scale supply shortages. Early identification of high-risk nodes enables proactive inventory redistribution,
alternative route selection, and resource allocation, thereby reducing the likelihood of cascading failures throughout the regional food
distribution network [35][36]. These findings are consistent with previous studies demonstrating that graph-based disruption forecasting
and network-based supply chain risk analysis facilitate the identification of critical nodes and disruption propagation pathways, thereby
supporting more proactive mitigation strategies and improving supply chain resilience [1][2][10].

5. Conclusion

The study proposed a Resilient Supply Chain Risk Prediction framework integrating Dynamic Supply Chain Graphs, Temporal Graph
Neural Networks, risk propagation modeling, and explainable graph learning to improve regional food supply chain resilience. The
proposed framework effectively captured structural dependencies and temporal changes within supply networks, achieving superior
predictive performance compared with Random Forest, XGBoost, and LSTM models. Through GNNExplainer, the framework identified
critical disruption nodes and revealed key risk drivers, including lead time, inventory level, and supplier reliability. The integration of risk
prediction, disruption propagation analysis, and explainable decision support enabled proactive mitigation strategies, improving service
continuity, reducing recovery time, and minimizing stockout risks. This study contributes a comprehensive approach to supply chain risk
analytics by combining dynamic graph modeling, temporal prediction, and interpretability. However, the evaluation was limited to a single
regional food distribution network and commodity. Future studies should explore multi-commodity networks, real-time data integration,
advanced graph architectures, and adaptive optimization strategies to support more resilient and autonomous supply chain management.
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