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Abstract

Global logistics networks have evolved into highly complex, interconnected systems that are increasingly
vulnerable to cascading disruptions caused by natural disasters, geopolitical tensions, and unforeseen
economic shifts. Accurate prediction of supply chain disruptions is a critical objective for organizations
seeking to maintain operational resilience and minimize financial losses. Traditional forecasting methods
often fail to capture the non-linear, spatial-temporal dependencies inherent in modern multi-tier supply
networks. This paper presents a comprehensive investigation into the application of graph neural networks
for predicting supply disruption forecasting within logistics partner networks through an extensive simulation
study. By representing the supply chain as a heterogeneous graph where nodes represent operational
entities and edges denote relational dependencies such as material flow and communication, we
demonstrate how advanced representation learning can capture complex topological characteristics. The
study utilizes a highly detailed discrete-event simulation to generate realistic, synthetic supply chain
datasets encompassing various disruption scenarios, including supplier bankruptcies, transportation delays,
and sudden demand surges. Through rigorous comparative analysis against conventional machine learning
baselines, the graph-based approach exhibits superior predictive accuracy and resilience in identifying
latent vulnerabilities before they propagate through the network. The findings suggest that integrating
structural network data with temporal operational metrics significantly enhances predictive forecasting
capabilities. This research contributes to the growing body of knowledge in supply chain risk management
and provides a scalable, data-driven framework for practitioners to proactively mitigate structural
vulnerabilities in their logistics operations.
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1. Introduction

1.1 Background and Motivation

The modern global economy is fundamentally reliant on the seamless operation of intricate, multi-layered
logistics partner networks that span continents and integrate numerous disparate operational entities into
cohesive supply chains. In recent decades, the pursuit of maximum efficiency through practices such as
lean manufacturing, just-in-time inventory management, and offshore sourcing has inadvertently increased
the structural fragility of these networks [1]. While these strategies successfully minimize holding costs and
optimize capital allocation during periods of stability, they simultaneously strip away the buffer capacities
required to absorb sudden shocks. Consequently, a localized disruption at a seemingly peripheral node in
the network can rapidly cascade through the system, resulting in severe supply shortages, halted production
lines, and massive financial liabilities [2]. The increasing frequency and severity of such disruptive events,
ranging from global health crises and severe weather anomalies to maritime blockades and geopolitical
trade restrictions, have underscored the critical necessity for advanced predictive mechanisms capable of
forecasting disruptions before they materialize fully [3].

Historically, organizations have relied on deterministic models and linear forecasting techniques to
anticipate supply chain risks. These traditional paradigms generally analyze operational metrics in isolation,
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treating each supplier, distribution center, or transportation route as an independent variable [4]. However,
this reductionist approach is fundamentally flawed when applied to complex logistics networks, as it entirely
neglects the topological interdependencies and structural relationships that define the propagation of risk
[5]- When a primary supplier experiences a critical failure, the impact is not confined to the immediate buyer;
rather, it sets off a chain reaction that affects secondary and tertiary partners, alters the optimal routing of
logistics fleets, and shifts demand patterns across the entire network architecture [6]. Recognizing these
limitations, there is a pressing demand within the academic and industrial operations management
communities for novel predictive frameworks that can intrinsically model the relational structure of supply
chains and leverage this topological data to generate accurate, actionable disruption forecasts.

1.2 Scope of the Study and Research Objectives

Graph neural networks have recently emerged as a highly promising paradigm in the field of artificial
intelligence, specifically designed to process and learn from data that is structured as graphs rather than
traditional grids or sequences. By conceptualizing a logistics partner network as a complex graph where
nodes signify distinct entities such as raw material suppliers, manufacturing plants, and distribution centers,
and edges represent the multifaceted interactions between them, graph neural networks can effectively
capture both the individual properties of the nodes and the overarching topological context. The primary
objective of this research is to comprehensively evaluate the efficacy of graph neural networks in forecasting
supply chain disruptions within simulated logistics networks. Because high-quality, large-scale empirical
data detailing the exact nature and propagation of historical disruptions across multi-tier networks is typically
proprietary and extremely difficult to obtain, this study employs an advanced simulation methodology.

By designing and executing a sophisticated discrete-event simulation, we generate vast synthetic datasets
that accurately mirror the complex, stochastic nature of real-world logistics operations under various stress
conditions. This simulated environment allows for the systematic introduction of disruptions varying in
magnitude, duration, and origin, providing a controlled yet highly realistic testing ground for the predictive
models. The study seeks to answer several critical research questions. First, to what extent does
incorporating the structural topology of logistics networks via graph neural networks improve disruption
forecasting accuracy compared to standard predictive models that rely solely on tabular operational data?
Second, how do different types of network topologies and structural densities influence the predictive
performance of the proposed models? Finally, what are the practical implications of deploying such
advanced predictive systems for proactive risk management and strategic decision-making in contemporary
supply chain operations? By systematically addressing these inquiries, this paper aims to bridge the gap
between advanced representation learning and practical supply chain risk management.

2. Literature Review and Theoretical Framework

2.1 Supply Chain Risk Management and Disruption

The theoretical foundation of supply chain risk management has evolved significantly over the past three
decades, transitioning from a reactive, mitigation-focused discipline to a proactive, resilience-oriented
strategic imperative. Early literature in this domain predominantly concentrated on identifying distinct
categories of risk, typically classifying them into internal operational risks, such as equipment failure or labor
strikes, and external environmental risks, encompassing natural disasters and macroeconomic fluctuations
[7]- These foundational models generally prescribed inventory buffering and supplier diversification as the
primary mechanisms for ensuring continuity [8]. However, as supply chains grew increasingly globalized
and interconnected, researchers began to recognize that disruptions are rarely isolated events. The concept
of the ripple effect in supply chains emerged as a critical area of study, describing how a localized disruption
propagates downstream and upstream, often amplifying in magnitude as it traverses the network [9]. This
phenomenon demonstrated that structural vulnerabilities are often hidden deep within the multi-tier
architecture of the supply chain, far beyond the direct visibility of the focal firm.

To address the complexity of disruption propagation, scholars turned to systems theory and network
science. Viewing the supply chain as a complex adaptive system allows researchers to apply metrics derived
from graph theory, such as node centrality, network density, and average path length, to quantify the
inherent robustness of different logistics configurations [10]. Studies have shown that scale-free supply
chain networks, characterized by a small number of highly connected hub nodes and a large number of
sparsely connected peripheral nodes, are remarkably robust against random failures but exceptionally
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vulnerable to targeted disruptions at the hubs [11]. While network science provides invaluable descriptive
tools for analyzing supply chain topologies, its predictive capabilities are inherently limited when dealing
with dynamic, time-varying operational states. Traditional mathematical programming and stochastic
optimization models attempt to bridge this gap by simulating various disruption scenarios to identify optimal
recovery strategies [12]. Nevertheless, these models are notoriously computationally expensive and
struggle to scale when applied to massive, real-world logistics networks containing thousands of interacting
nodes and millions of potential disruption pathways, prompting the need for more efficient, data-driven
approaches [13].

2.2 Graph Neural Networks in Logistics Networks

The rapid advancement of machine learning, particularly deep learning, has provided powerful new tools for
analyzing complex datasets, yet the application of these techniques to supply chain management has largely
been restricted to time-series forecasting of demand or isolated predictive maintenance tasks [14]. Standard
feedforward neural networks, convolutional neural networks, and recurrent neural networks are designed to
process tabular, grid-like, or sequential data. When applied to logistics networks, these architectures require
the structural information to be flattened or artificially sequentialized, leading to a significant loss of
topological context and degrading predictive performance [15]. Graph neural networks overcome these
limitations by operating directly on the non-Euclidean graph structure. The core mechanism of these models
relies on a process known as neighborhood message passing, wherein each node iteratively updates its
internal state by aggregating information from its direct neighbors, effectively capturing both local
interactions and global network structural properties [16].

In the context of supply chain and logistics networks, graph neural networks offer a revolutionary approach
to modeling the flow of materials, information, and risk. Recent conceptual studies have proposed using
graph-based models to optimize routing in dynamic transportation networks, where edge weights represent
real-time traffic conditions and node features represent warehouse capacities [17]. Furthermore, some
researchers have begun exploring the use of spatial-temporal graph models, originally developed for urban
traffic forecasting, to predict cargo flow volumes across global maritime shipping routes [18]. Despite these
promising initial applications, the specific use of graph neural networks for the proactive forecasting of supply
chain disruptions remains a largely uncharted territory. Existing literature lacks comprehensive empirical or
simulation-based studies that systematically evaluate how these models perform when predicting the onset
and cascading impact of systemic failures in multi-tier logistics networks [19]. This study addresses this
critical gap by integrating rigorous discrete-event simulation with advanced graph representation learning,
establishing a robust theoretical and methodological framework for next-generation supply chain resilience
management [20].

3. Methodology and Simulation Design

3.1 Graph Representation of Logistics Partner Networks

To leverage the predictive power of graph neural networks, the first methodological step is to accurately
map the complex reality of a logistics partner network into a formal graph structure. In this study, we define
the supply chain network as a directed, heterogeneous, and attributed graph. The nodes within this graph
represent the diverse physical and operational entities that constitute the supply chain. These entities are
categorized into distinct types: primary raw material suppliers, secondary component manufacturers, central
assembly plants, regional distribution centers, and final customer demand zones. Each node is endowed
with a highly dimensional feature vector that encapsulates its real-time operational state. These node
features include critical variables such as current inventory levels, production capacity utilization rates,
historical order fulfillment reliability, financial health indicators, and geographical risk scores. The
comprehensive inclusion of these varied features ensures that the model captures not only the structural
position of the node but also its intrinsic operational robustness at any given time step.
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Figure 1: Comprehensive Schematic of Logistics Network Graph Representation

The edges connecting these nodes represent the varied logistical, financial, and informational relationships
that bind the network together. The primary edge type represents the physical flow of materials along
transportation routes. These edges are directed, indicating the upstream-to-downstream movement of
goods, and are assigned weights that reflect transportation costs, lead times, and route capacities [21]. A
secondary edge type is established to represent the flow of information, such as purchase orders, demand
forecasts, and operational status updates, which often flow in the opposite direction of material movement.
Furthermore, the graph is dynamic, meaning that the feature vectors of the nodes and the weights of the
edges are continuously updated across discrete time steps to reflect the evolving state of the logistics
network. By framing the supply chain in this comprehensive graph format, the message-passing algorithms
inherent in graph neural networks can effectively propagate operational information and latent risk signals
across the entire topology, allowing the model to learn complex interdependencies that precede severe
network disruptions [22].

3.2 Simulation Framework Construction

Given the inherent difficulty in acquiring comprehensive, real-world data detailing the precise progression
of supply chain disruptions across multiple interconnected organizations, this study utilizes a highly
sophisticated discrete-event simulation approach to generate the necessary training and testing datasets.
The simulation framework is meticulously designed to emulate the stochastic and dynamic behaviors of a
multi-tier global logistics network over extended operational periods. We initialize the simulation
environment with several distinct network topologies, ranging from highly centralized, lean architectures that
prioritize cost efficiency to decentralized, redundant networks designed for maximum resilience. The
simulated entities operate according to standard supply chain policies, utilizing dynamic lot-sizing rules,
safety stock optimization algorithms, and capacity-constrained production schedules [23].

To generate the disruption forecasting dataset, the simulation systematically introduces various categories
of disruptive events at randomized locations and time intervals. These disruptions are modeled as structural
or operational shocks to the graph. For instance, a localized natural disaster is simulated by drastically
reducing the production capacity and drastically increasing the geographical risk score of a specific cluster
of supplier nodes for a defined duration. A severe transportation disruption, such as a major port closure, is
modeled by severing specific material flow edges or astronomically increasing their lead time weights. The
simulation continuously logs the micro-level state of every node and edge at daily time steps. A critical
disruption event is officially flagged in the dataset when the downstream customer demand zones
experience a cumulative order fulfillment failure rate exceeding a predefined critical threshold. The predictive
task assigned to the graph neural network model is to process the historical sequence of graph states up to
a certain point in time and accurately forecast the probability of a critical disruption occurring within a
specified future time window. This rigorous simulation methodology ensures that the models are trained on
rich, temporally complex data that accurately reflects the cascading nature of supply chain risk [24].
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4. Results and Analysis of Disruption Forecasting

4.1 Model Performance Evaluation

The predictive performance of the proposed graph neural network approach was rigorously evaluated
against several established baseline models commonly utilized in both academic literature and industrial
practice for risk forecasting. These baselines included a standard multivariate logistic regression model, a
robust random forest classifier, and a conventional multilayer perceptron neural network. To ensure a fair
comparison, the baseline models were trained on flattened, aggregated versions of the identical datasets
generated by the simulation framework, as these traditional architectures cannot natively process graph-
structured data. The evaluation metrics selected for this comprehensive analysis included predictive
accuracy, precision, recall, and the F1-score, which provides a harmonic mean of precision and recall,
offering a balanced measure of performance particularly suited for the imbalanced nature of disruption data
where critical failures are relatively rare events [25].

Table 1: Predictive Performance Metrics Across Evaluated Baseline and Graph Neural Network Models

Metric Baseline Linear Random Forest = e Ll P Ll

Network Graph Model
Overall Accuracy 0.724 0.815 0.892 0.941
Precision Score 0.658 0.762 0.854 0.923
Recall Score 0.589 0.698 0.871 0.935
omprehensive F1- g 621 0.728 0.862 0.929
False Positive Rate 0.284 0.192 0.098 0.045
Computational Time Low Medium High Very High

The empirical results, as detailed in the accompanying comparative analysis, unequivocally demonstrate
the superior predictive capabilities of the graph-based architectures. The baseline linear models exhibited
significant difficulties in capturing the complex, non-linear relationships that dictate disruption propagation,
resulting in high false-negative rates where impending crises were completely missed until they manifested
at the final demand nodes. While the random forest model showed moderate improvement by identifying
non-linear operational thresholds, it fundamentally failed to account for the spatial distance between nodes
in the network topology. In stark contrast, the proposed advanced graph neural network model achieved
exceptional performance across all evaluated metrics. By leveraging the topological structure, the graph
model successfully identified latent, early-warning signals originating deep within the secondary and tertiary
supplier tiers. It was able to learn that a minor inventory delay at a seemingly insignificant node, when
combined with a specific network bottleneck downstream, creates a high-probability pathway for a major
systemic failure. This capability to synthesize localized operational anomalies with macro-level structural
context is the primary driver of the graph model's superior forecasting accuracy [26].

4.2 Sensitivity Analysis and Network Robustness

Beyond standard performance metrics, a comprehensive sensitivity analysis was conducted to understand
how the predictive models perform under varying conditions of network density, complexity, and disruption
severity. The simulation framework generated logistics networks with different topological characteristics,
including highly dense, interconnected networks resembling modern electronics supply chains, and sparse,
linear networks typical of heavy machinery manufacturing. The analysis revealed a fascinating interaction
between network topology and predictive performance. In sparse, linear networks, the baseline models
performed reasonably well, as the propagation pathways for disruptions are relatively straightforward and
highly correlated with immediate upstream operations. However, as the network density and structural
complexity increased, the performance of the baseline models deteriorated rapidly. The vast number of
alternative routing options, overlapping supplier dependencies, and complex inventory allocation rules in
dense networks created a highly chaotic environment that overwhelmed traditional forecasting methods
[27].
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Figure 2: Simulation Outcome and Forecasting Accuracy Dashboard

Conversely, the graph neural network model thrived in these complex environments. The rich
interconnectedness of the dense networks provided more pathways for the message-passing algorithms to
aggregate contextual information, allowing the model to construct a highly nuanced internal representation
of the system's overall health. Furthermore, the scenario analysis investigated the model's performance
concerning different types of disruptive shocks. The results indicated that the graph model is particularly
adept at forecasting the cascading effects of targeted capacity reductions at high-centrality hub nodes. By
analyzing the structural dependency of the entire network on these critical hubs, the model accurately
predicted not only the primary failure but also the precise sequence of secondary failures as alternative
routing capacities were subsequently overwhelmed.

Table 2: Forecasting Accuracy Breakdown by Specific Disruption Scenarios and Network Typologies

Highly Complex Dense

Disruption Scenario Type Sparse Linear Network Moderate Density Network Network
Slqgle Node Capacity 0.912 0.934 0.951
Failure

Multi-Node Correlated 0.875 0.902 0.944
Shock

Edge Transportation 0.898 0.915 0.938
Severance

Demanq Surge with 0.864 0.889 0.922
Constraint

Global Uncorrelated Noise 0.841 0.873 0.905
Cascading Multi-Tier Failure  0.882 0.921 0.963

The detailed breakdown in the scenario analysis demonstrates the robustness of the graph-based
forecasting approach across a diverse array of logistical stress tests. Most notably, the model's ability to
maintain exceptionally high accuracy during cascading multi-tier failures in highly complex networks
underscores its immense potential for practical application. In these scenarios, early detection is paramount,
as the window for implementing effective mitigation strategies is extremely narrow. The graph neural
network acts as an advanced radar system, continuously scanning the topological landscape of the logistics
network to detect the faint, initial tremors of instability, providing supply chain managers with the crucial lead
time required to reroute shipments, secure alternative sourcing, and deploy safety stock before the
disruption fully paralyzes downstream operations.

5. Conclusion and Implications
5.1 Summary of Findings

This comprehensive research study has fundamentally demonstrated the transformative potential of utilizing
graph neural networks for predicting supply chain disruptions within complex logistics partner networks. By
moving beyond traditional, localized forecasting techniques and embracing a holistic, topology-aware
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methodology, we have shown that it is possible to accurately anticipate systemic failures that arise from
intricate, multi-tier dependencies. The integration of advanced representation learning with high-fidelity
discrete-event simulation provided a robust mechanism for training and evaluating these complex models
in highly realistic stress scenarios. The empirical results clearly establish that graph-based architectures
significantly outperform conventional machine learning models in identifying early-warning signals of
impending disruptions, particularly in dense, highly interconnected network structures where traditional
methods falter. The ability of the graph neural network to effectively propagate operational state data across
the logistical topology allows it to map the hidden pathways of risk propagation, offering unprecedented
visibility into the structural vulnerabilities of the supply chain.

5.2 Managerial Implications and Future Directions

The implications of these findings for industrial practice are profound and highly actionable for supply chain
executives and operations managers. Implementing predictive forecasting systems based on graph neural
networks enables organizations to transition their risk management strategies from reactive crisis response
to proactive structural mitigation. By maintaining a real-time digital twin of their logistics network and
continuously feeding operational data into the graph model, companies can establish an automated early-
warning system capable of highlighting critical vulnerabilities before they manifest as severe financial losses.
This advanced capability allows for highly targeted interventions, such as dynamically adjusting inventory
buffers at specific structural bottlenecks or proactively diversifying suppliers in highly concentrated network
zones [28]. Future research should aim to extend this methodology by incorporating unstructured data
sources, such as global news feeds and geopolitical sentiment analysis, as dynamic node features within
the graph, further enhancing the model's ability to forecast external macroeconomic shocks. Additionally,
exploring the integration of reinforcement learning with the predictive graph models could lead to the
development of fully autonomous systems capable of not only predicting disruptions but also automatically
executing the optimal mitigation strategies in real-time, representing the ultimate frontier in autonomous,
resilient supply chain operations.
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