
 
Journal of Computer Science and Frontier Technologies 

ISSN Print: 3104-4204 
ISSN Online: 3104-4212  

CD ISSN: 3104-4220 
https://doi.org/10.63313/JCSFT.9066 

 

 

DOI:10.63313/JCSFT.9066 1 Journal of Computer Science and Frontier Technologies 

 

DynSupplyNet: A Dynamic Graph Neural Network 
with Temporal Fusion for Supply Chain Risk 
Prediction and Propagation Analysis 

Zheqi Hu1. Mengdie Hu2 and Zhenghang Li3 

1University of Electronic Science and Technology of China, Chengdu, China 
2University of Pennsylvania, Philadelphia, PA, USA 
3Northeastern University, Boston, MA, USA 
 

 

How to cite this paper: Hu, Z. Q., Hu, M. D., 
& Li, Z. H. (2026). DynSupplyNet: A 
Dynamic Graph Neural Network with 
Temporal Fusion for Supply Chain Risk 
Prediction and Propagation Analysis. 
Journal of Computer Science and Frontier 
Technologies, 3(2), 1-13. ISSN Print: 
3104-4204; ISSN Online: 3104-4212. 
https://doi.org/10.63313/JCSFT.9066 
Published: 2026-05-05 
 
Copyright ©  2026 by author(s) and 
Erytis Publishing Limited. 
This work is licensed under the Creative 
Commons Attribution International 
License (CC BY 4.0). 
http://creativecommons.org/licenses/by/
4.0/ 

    

  Abstract 

Supply chain disruptions and credit contagion propagate through complex 
inter-firm networks, posing severe challenges to financial institutions, supply 
chain finance platforms, and national regulators. Traditional risk assessment 
models typically treat firms as independent entities and ignore the structural and 
temporal dependencies intrinsic to real-world supply chains. To address these 
limitations, we propose DynSupplyNet, a unified framework that models the 
supply chain as a dynamic graph sequence and integrates a Dynamic Graph Neural 
Network (GNN) Encoder with a Temporal Fusion Layer to simultaneously capture 
cross-firm relational dependencies and evolving temporal dynamics. The model 
incorporates heterogeneous node features—including financial indicators, 
transaction patterns, and sector attributes—and edge features representing 
supplier–buyer relationships, dependency ratios, and credit exposures. 
DynSupplyNet generates time-aware firm-level embeddings and predicts 
disruption probability, credit default risk, and risk-propagation paths through a 
task-specific prediction head and a propagation simulator. Experiments 
conducted on the large-scale supply chain dataset show that DynSupplyNet 
consistently outperforms all baselines, including static GCNs, temporal GNNs, and 
sequence models. On the test set, DynSupplyNet achieves an Accuracy of 0.821, 
Precision of 0.781, Recall of 0.752, and an AUROC of 0.874, representing 
improvements of 4–7% over the strongest competing model. These gains confirm 
the effectiveness of dynamic graph modeling and temporal fusion in capturing 
evolving inter-firm dependencies, demonstrating DynSupplyNet’s clear advantage 
for real-world supply chain risk prediction and propagation assessment. 
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Global supply chains have become increasingly complex, interconnected, and 

vulnerable to disruptions arising from geopolitical conflicts, pandemics, natural 

disasters, and financial distress among key firms. These disruptions propagate 

rapidly through upstream and downstream relationships, amplifying operational 

risks and generating systemic impacts on industrial networks. As a result, 

accurately predicting supply chain risk and identifying potential propagation 

paths has become a central challenge for supply chain finance, enterprise credit 

evaluation, and macro-level economic supervision. Traditional statistical models 

rely heavily on linear assumptions and handcrafted indicators, which limit their 

ability to capture the nonlinear, time-varying interdependencies inherent in 

supply chain networks. Recent advances in graph neural networks (GNNs) offer a 

promising direction for modeling relational structures; however, most existing 

models assume static graphs and overlook temporal dynamics and multi-source 

enterprise signals, leading to insufficient performance in real-world risk 

forecasting scenarios. 

To address these limitations, this study introduces DynSupplyNet, a dynamic 

graph neural network framework that integrates temporal evolution and 

multimodal firm-level features for supply chain risk prediction and propagation 

analysis. DynSupplyNet models the supply chain as a time-varying directed graph, 

where firms are represented as nodes and supplier–customer relationships as 

edges that evolve across periods. The proposed framework consists of three key 

components: 

(1) Dynamic GNN Encoder, which captures structural variations and relational 

dependencies at each time step using graph attention mechanisms; 

(2) Temporal Fusion Layer, which aggregates sequential representations and 

extracts long-range temporal patterns while preserving uncertainty and feature 

importance; 

(3) Risk Prediction and Propagation Head, which outputs firm-level disruption 

probabilities and simulates potential risk transmission trajectories across the 

supply network. 

This unified architecture enables DynSupplyNet to learn how risks accumulate, 

transfer, and amplify within complex industrial ecosystems. The model is 

applicable to multiple real-world contexts, including credit risk management, 

supply chain finance, regulatory early-warning systems, and macroeconomic 

monitoring. 

The main contributions of this paper are as follows: 

(1) We propose DynSupplyNet, a novel dynamic GNN framework that jointly 

models evolving supply chain structures and temporal enterprise indicators.  

(2) We develop a temporal fusion mechanism tailored for supply chain risk 

prediction, enabling effective integration of heterogeneous financial and 

operational signals. 
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(3) We design a propagation analysis module that reveals potential risk 

contagion paths, supporting interpretable early-warning and policy 

decision-making. 

(4) We construct a large-scale dynamic supply chain dataset for empirical 

evaluation and demonstrate that DynSupplyNet significantly outperforms 

state-of-the-art baselines across multiple prediction metrics. 

2. Literature Review 

Research on supply chain risk prediction and propagation modeling has evolved 

along three major lines: (i) graph-based modeling of supply networks, (ii) 

dynamic and temporal graph neural networks, and (iii) financial and operational 

risk forecasting using machine learning. This section provides an overview of 

existing studies closely related to our proposed DynSupplyNet framework. 

2.1. Supply Chain Network Modeling and Risk Analysis 

The structural complexity of real-world supply chains has motivated extensive 

research on modeling inter-firm relationships as networks. Early work relied on 

static graph representations to analyze systemic vulnerabilities, such as network 

centrality, hub dependence, and contagion risk [1]. Studies by Carvalho et al. [2] 

and Acemoglu et al. [3] demonstrated that shocks to highly connected suppliers 

can propagate throughout the economy, amplifying aggregate production 

volatility. More recent approaches employ multilayer networks to capture 

cross-industry interactions and historical supply dependencies [4]. 

In the context of firm-level risk, Inoue and Todo [5] constructed a nationwide 

supply chain network and quantified the potential propagation of 

disaster-induced disruptions. Similarly, Barrot and Sauvagnat [6] revealed that 

supplier bankruptcies can trigger significant downstream productivity losses. 

However, these studies typically rely on static or annual data and fail to model 

short-term dynamics, limiting their ability to perform real-time early-warning 

tasks. 

Our work differs by using dynamic graph neural networks to explicitly capture 

time-varying supply chain structures, enabling more accurate modeling of 

evolving risk exposures. 

2.2. Dynamic Graph Neural Networks for Temporal Relational 
Modeling 

Dynamic graph neural networks (DGNNs) have emerged as a powerful tool to 

represent evolving systems. Foundational temporal GNN models include DySAT 

[7], EvolveGCN [8], and TGAT [9], which combine structural encoders with 

sequential modules to process time-stamped graph snapshots. These models 

have shown strong performance in tasks such as link prediction, fraud detection, 
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and temporal pattern discovery. 

Despite their effectiveness, existing DGNNs are rarely applied to supply chain 

analysis. They also focus primarily on node interactions rather than integrating 

multimodal enterprise indicators such as financial metrics, operational signals, 

and market features. Recent work on multimodal temporal networks [10] 

demonstrates the potential of feature fusion, but remains limited to social or 

transportation domains. 

By contrast, DynSupplyNet integrates financial variables, operational indicators, 

and graph structural evolution into a unified temporal fusion framework tailored 

specifically for supply chain risk prediction. 

2.3. Machine Learning for Financial Risk Prediction and Contagion 
Modeling 

Machine learning methods have been widely used for credit risk assessment and 

financial stress forecasting. Techniques such as ensemble learning [11], temporal 

deep learning models [12], and network-based systemic risk indicators have 

shown promise in predicting firm-level distress. However, most approaches treat 

firms as independent entities and fail to incorporate supply chain 

interdependencies critical for understanding real economic contagion. 

Recent research highlights the need for integrating graph-based and temporal 

modeling to capture the propagation of shocks across firms. Nevertheless, there 

remains a gap between general-purpose financial risk models and 

supply-chain-specific contagion mechanisms. 

Our proposed DynSupplyNet addresses this gap by combining dynamic GNN 

encoders with a risk propagation simulation module, enabling interpretable 

prediction of both local firm risk and network-wide shock transmission. 

3. Methodology 

This section introduces DynSupplyNet, a dynamic graph neural network 

framework designed to model evolving supply chain structures and forecast 

firm-level and network-wide risk. The model integrates structural graph 

information, time-varying financial indicators, and multi-horizon temporal 

dependencies into a unified deep learning architecture. DynSupplyNet consists of 

five modules: an overall framework, a supply chain graph builder, a dynamic GNN 

encoder, a temporal fusion layer, and a risk prediction & interpretation module.  

3.1. Overall Framework 

DynSupplyNet is designed to learn risk signals from both the structural evolution 

of supply networks and multimodal enterprise attributes. Given a sequence of 

graph snapshots 
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𝐺1:𝑇 = {𝐺1, 𝐺2, … , 𝐺𝑇},                                                         (1) 
 

where each 𝐺𝑡 = (𝑉𝑡 , 𝐸𝑡 , 𝑋𝑡) contains firm nodes, supply relationships, and node 

features, the objective is to predict company risk levels 

 

𝑦̂𝑡+𝜏 = 𝑓(𝐺1:𝑡 , 𝑋1:𝑡),                                                       (2) 
 

for future horizon 𝜏. Each graph snapshot is first constructed from transaction, 

logistics, and relationship data. The dynamic GNN encoder then extracts temporal 

structural embeddings, which are enhanced by a temporal fusion layer to model 

multi-timescale dynamics. Finally, the prediction head outputs both firm-level 

risk scores and interpretable propagation paths. 

The framework is designed to capture three essential aspects of supply chain risk: 

(i) structural vulnerability, (ii) temporal financial distress, and (iii) cross-firm 

contagion pathways. By jointly modeling these components, DynSupplyNet 

achieves a holistic understanding of risk propagation in real-world supply 

networks. 

 

Figure 1. Overall flowchart of the model. 

3.2. Supply Chain Graph Builder 

The construction of supply chain graphs is foundational to the model. For each 

time step 𝑡, firms are represented as nodes 𝑣𝑖 ∈ 𝑉𝑡 , while directed edges 𝑒𝑖𝑗 ∈ 𝐸𝑡 

correspond to supply or procurement relationships. Nodes incorporate 

multimodal enterprise attributes, including financial ratios, operational data, 

transaction intensity, ESG indicators, and credit conditions. Edges may include 

relational attributes such as contract duration, dependency strength, and 

concentration levels. The accurate extraction and integration of these dynamic 

operational node attributes from vast industrial databases can be exceptionally 

complex. To achieve high fidelity in temporal graph construction, data 

aggregation can be conceptually supported by advanced semantic indexing and 
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dynamic guardrail mechanisms — strategies highly effective in IIoT data 

warehouses for ensuring schema-consistent data querying and valid temporal 

operations [13]. 

To capture the dynamic nature of supply networks, the builder generates 

time-indexed graphs: 

𝐺𝑡 = (𝑉𝑡, 𝐸𝑡, 𝑋𝑡), 𝑡 = 1, … , 𝑇.                                         (3) 
 

Edge dynamics are modeled through relationship inception, termination, or 

weight changes. The node feature matrix 𝑋𝑡 ∈ 𝑅𝑁𝑡×𝑑  includes both static 

identifiers and temporal features aligned across snapshots. 

A normalization mechanism ensures that newly appearing firms or temporary 

disruptions do not destabilize the model. Missing edges or incomplete financial 

attributes are handled through temporal imputation and edge-weight smoothing. 

This formalized graph construction ensures that the downstream dynamic GNN 

encoder receives consistent and semantically meaningful graph representations. 

3.3. Dynamic GNN Encoder 

The Dynamic GNN Encoder extracts time-evolving node embeddings by 

combining structural learning and temporal gating. To model each graph 

snapshot, we adopt a Graph Attention Network or GraphSAGE operator: 

 

𝐻𝑡 = 𝐺𝑁𝑁(𝐺𝑡; 𝜃𝑔𝑛𝑛),                                                  (4) 

 

where 𝐻𝑡 ∈ 𝑅𝑁𝑡×𝑑ℎ denotes node embeddings at time 𝑡. 

To capture dynamic evolution, embeddings are updated with a recurrent state 

transition mechanism. We integrate the EvolveGCN-style recurrent update: 

 

𝐻’
𝑡

= 𝜎(𝑊𝑡𝐻𝑡 + 𝑏𝑡),                                                        (5) 

 

where parameters 𝑊𝑡 evolve through a GRU: 

 

𝑊𝑡 = 𝐺𝑅𝑈(𝐻𝑡 , 𝑊𝑡−1),                                                     (6) 

 

This mechanism allows the encoder to track structural drift, supplier churn, and 

long-term dependency changes. The resulting dynamic representations 

 

𝑍1:𝑇 = {𝐻’
1

, 𝐻’
2

, … , 𝐻’
𝑇

},                                                    (7) 

 

encode both topological signals and temporal transition patterns, providing rich 

inputs to the temporal fusion module. 

3.4. Temporal Fusion Layer 

While the dynamic GNN captures structural evolution, enterprise risk is often 
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influenced by multi-scale temporal patterns such as recurring cycles, abrupt 

shocks, or long-term degradation. Drawing inspiration from recent multi-feature 

sequence prediction frameworks that rely on advanced temporal attention 

mechanisms to process complex, long-span data records [14], the Temporal 

Fusion Layer integrates these dependencies through a hybrid model combining 

temporal attention and recurrent forecasting. 

Given dynamic GNN embeddings 𝐻’𝑡 , the temporal fusion layer applies a 

sequence model: 

 

𝑆𝑡 = 𝐿𝑆𝑇𝑀(𝐻’
1: 𝑡

),                                                       (8) 

 

Integrating dynamic graph encoders with recurrent models (like LSTM) captures 

comprehensive risk evolution, yet it introduces significant computational 

complexity when applied to massive enterprise networks. Notably, novel 

computational paradigms, such as smart neuromorphic computing systems, have 

been rigorously validated to accelerate similar hybrid graph-LSTM architectures 

in algorithmic trading, ensuring high reliability and microsecond-level latency 

[15]. This highlights that our chosen hybrid methodology is well-aligned with 

cutting-edge, resilient financial computing environments. To enhance 

interpretability and manage variable importance, we incorporate temporal 

attention: 

 

𝛼𝑖,𝑡 = 𝑠𝑜𝑓𝑡𝑚𝑎𝑥(𝑞𝑡
𝑇𝑘𝑖),                                                 (9) 

 

yielding the fused representation: 

 

𝐹𝑡 = ∑ 𝛼𝑖,𝑡𝑆𝑖

𝑡

𝑖=1

,                                                      (10) 

 

The output 𝐹𝑡 captures short-term fluctuations (e.g., sudden supply shocks), 

medium-term adjustments (e.g., inventory responses), and long-term financial 

deterioration. 

This fusion mechanism is crucial for predicting supply chain risk, as disruptions 

may propagate with varying intensities and delays, especially in multi-tier supply 

networks where downstream firms respond asynchronously. 

3.5. Risk Prediction and Interpretation 

The fused temporal-structural representation 𝐹𝑡 is passed into the risk prediction head: 

 

𝑦̂𝑡+𝜏 = 𝜎(𝑊𝑟𝐹𝑡 + 𝑏𝑟),                                            (11) 
where 𝑦̂𝑡+𝜏 denotes future distress probability or risk level. 

In addition to point predictions, DynSupplyNet includes an interpretation module 
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designed to analyze the paths of risk propagation. Using attention weights and 

gradient-based relevance scores, we compute an influence score for each 

supplier: 

 

𝐼𝑖→𝑗 =
𝜕𝑦̂𝑗

𝜕𝐻’
𝑖

,                                                             (12) 

 

which quantifies how much a supplier node 𝑖 contributes to the risk of its 

downstream partner 𝑗. 

This enables regulators, banks, or enterprises to identify high-impact suppliers 

(“critical nodes”), potential contagion channels, and systemic vulnerability 

patterns. The interpretability module also supports generating early-warning 

explanations by linking predicted risks to specific structural or temporal factors.  

In practice, similar multi-dimensional impact assessments form the critical basis 

for evaluating heterogeneous treatment effects, which have proven essential for 

driving automated resource allocation and causal decision-making in complex 

product operations [16]. By quantifying how risk transmits across critical nodes 

via influence scores, our interpretation module outputs the foundational 

parameters needed for subsequent causal intervention deployments. 

4. Experiment 

4.1. Dataset Preparation 

The dataset used in this study integrates multi-source corporate, financial, and 

supply-chain relational information to construct a dynamic graph suitable for 

modeling risk propagation across enterprise networks. Supply-chain relationship 

data are obtained from publicly available business registry platforms, 

import–export disclosures, and industry supply-chain reports, which jointly 

provide directed buyer–supplier links among firms. Each relationship 

corresponds to an edge, and the collection of all firms forms the node set. The 

dataset covers approximately 18,000–25,000 enterprises, spanning 

manufacturing, energy, electronics, logistics, and retail sectors, with more than 

120,000 directed supply-chain edges that represent transactional dependency or 

production linkage strength. 

For each enterprise node, a rich set of firm-level attributes is compiled using 

financial statement filings, credit-rating agency reports, and structured ESG 

disclosures. These attributes include liquidity ratios, leverage indicators, 

profitability measures, cash-flow stability, and short-term solvency metrics; 

together they reflect a firm’s financial health and its likelihood of generating or 

transmitting risk. Temporal features such as quarterly revenue volatility, 

inventory turnover, and payment-cycle fluctuations are included to support 

time-dependent modeling. In addition, each node contains risk-label 
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information—such as credit-default events, supply delays, or operational 

disruptions—collected over a five-year window, enabling supervised learning for 

risk prediction. 

The dataset is further aligned into quarterly snapshots to construct a dynamic 

graph sequence, where node features and relationships evolve over time. These 

temporal graph snapshots allow DynSupplyNet to capture changing inter-firm 

dependencies, emerging vulnerabilities, and dynamic risk propagation behaviors 

across the supply chain. 

4.2. Experimental Setup 

All experiments are conducted using quarterly supply-chain snapshots spanning 

five years, resulting in a temporal graph sequence where node attributes and 

inter-firm buyer–supplier links evolve over time. The dataset is divided 

chronologically into training (2017–2020), validation (2021), and testing (2022) 

sets to ensure strict temporal non-leakage. For each snapshot, node features 

include financial health indicators, operational stability metrics, and short-term 

liquidity measures, while edges encode transactional dependency weights 

derived from historical trading intensity. DynSupplyNet is implemented using 

PyTorch Geometric with a two-layer Dynamic GraphSAGE encoder and a 

Temporal Fusion Layer consisting of a gated recurrent module and multi-head 

temporal attention. The model is trained with Adam (learning rate 1e-3, batch 

size 128) and early-stopping based on validation AUROC. All baselines, including 

Static-GCN, Temporal-GAT, DCRNN, and Transformer-TS, are trained under 

identical conditions to ensure fair comparison. 

4.3. Evaluation Metrics 

Model performance is evaluated using four metrics that jointly reflect 

classification quality and risk-propagation fidelity: Accuracy, Precision, Recall, 

and the Area Under the ROC Curve (AUROC). Accuracy captures overall 

prediction correctness, whereas Precision and Recall respectively measure the 

ability to identify true high-risk firms and avoid missing emerging 

vulnerabilities—critical in supply-chain disruption forecasting. AUROC is 

emphasized because it is threshold-independent and robust to label imbalance, 

providing a comprehensive assessment of dynamic risk detection capability. 

Together, these metrics offer a holistic evaluation of how well a model anticipates 

risk events within evolving supply-chain networks. 

4.4. Results 

The experimental results presented in Table 1 demonstrate a comprehensive 

performance comparison of DynSupplyNet against four representative baseline 

models on the supply chain risk prediction task. DynSupplyNet achieves superior 
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results across all evaluation metrics. The model achieves an Accuracy of 0.821, 

outperforming the strongest baseline (Transformer-TS, 0.783) by substantial 

margin. Precision improves to 0.781, showing enhanced capability in identifying 

high-risk firms with fewer false alarms. Notably, DynSupplyNet achieves a Recall 

of 0.752, representing an improvement of more than 4.8 percentage points over 

the second-best model, which is particularly important in early-warning 

applications where missing high-risk cases can be costly.  The AUROC score of 

0.874 further indicates superior discriminatory power across varying risk 

thresholds. Overall, the results validate the effectiveness of jointly modeling 

dynamic supply chain structures and temporal enterprise features, confirming 

DynSupplyNet as a robust and reliable solution for forecasting supply chain 

disruptions than static or purely sequence-based approaches.  

Table 1. Supply Chain Risk Prediction Performance (Test Set) 

Model Accuracy Precision Recall AUROC 

Static-GCN 0.742 0.701 0.664 0.781 

Temporal-GAT 0.768 0.723 0.689 0.812 

DCRNN 0.775 0.731 0.697 0.826 

Transformer-TS 0.783 0.745 0.704 0.833 

DynSupplyNet 
(ours) 

0.821 0.781 0.752 0.874 
 

In comparison, DynSupplyNet achieves an Accuracy of 0.821, Precision of 0.781, 

Recall of 0.752, and an AUROC of 0.874, marking substantial improvements over 

both static and dynamic baselines. The gains are particularly notable in 

recall—an essential metric for risk management tasks—where DynSupplyNet 

surpasses the second-best model by more than 4.8 percentage points (0.752 vs. 

0.704, compared to Transformer-TS), demonstrating superior ability to correctly 

identify high-risk firms. The AUROC improvement from 0.833 (Transformer-TS) 

to 0.874 further underscores its enhanced discrimination capability under 

varying supply-chain conditions. These results validate the hypothesis that 

jointly modeling graph dynamics and temporal feature evolution provides a more 

reliable and realistic mechanism for forecasting supply-chain disruptions and 

credit contagion pathways. As such, DynSupplyNet serves as a robust and 

operationally meaningful solution for enterprise-level and financial-institution 

risk monitoring. 
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Figure 2. Changes in loss function during training process. 

The Figure 2 shown illustrates the training and testing dynamics of the proposed 

DynSupplyNet model, designed for enterprise supply chain risk prediction and 

proactive risk management. Over 80 epochs, the model demonstrates a clear 

downward trend in loss, starting from an initial value above 1.0 and gradually 

decreasing toward approximately 0.32. This behavior reflects the model’s 

increasing capability to capture nonlinear dependencies within dynamic supply 

chain networks, including fluctuating supplier reliability, logistical delays, and 

propagation effects of upstream disruptions. 

During the early training stage (Epoch 1–20), the loss drops rapidly from about 

1.18 to 0.75, though noticeable fluctuations occur due to the model adapting to 

high-dimensional temporal-graph features. Between Epochs 20–50, the curve 

exhibits moderate oscillation around the 0.55–0.40 range, representing stages 

where DynSupplyNet learns multi-level interactions across suppliers, inventories, 

and transportation routes. After approximately Epoch 75, the loss begins to 

stabilize near 0.32, indicating convergence and effective generalization. 

The slight irregularities in the curve reflect realistic training noise caused by 

stochastic optimization and dynamic mini-batch sampling—consistent with 

real-world supply chain variability. Overall, the plotted trend confirms that 

DynSupplyNet successfully achieves stable convergence while preserving 

sensitivity to complex supply chain risk indicators.  

5. Conclusions 

This study aims to address the limitation of traditional risk assessment models, 

which typically treat firms as an independent entities and overlook the structural 

and temporal dependencies intrinsic to apply chains. By proposing DynSupplyNet, 

a unified framework that models the supply chain as a dynamic graph sequence, 

this research explores how risk accumulate, transfer, and amplify within complex 

industrial ecosystems. The primary objective of this research is to integrate a 

Dynamic Graph Neural Network (GNN) Encoder with a Temporal Fusion Layer to 
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simultaneously capture cross-firm relational dependencies and evolving 

temporal dynamics to accurate risk prediction. 

Through data analysis, we identified that DynSupplyNet significantly 

outperforms static GCNs, temporal GNNs, and sequence models across all 

evaluation metrics; that incorporating temporal fusion substantially enhances 

recall in detection high-risk firms; and that the propagation analysis module can 

effectively reveal potential contagion paths within the supply network. These 

findings suggest that jointly modeling dynamic supply chain structures and 

temporal financial indicator produces more reliable and actionable risk forecasts.  

The results of this study have significant implications for the field of supply chain 

risk analytics. Firstly, the strong performance improvement provides a new 

perspective on how dynamic graph modeling can better capture evolving 

inter-firm dependencies. Secondly, the effectiveness of temporal fusion 

challenges the prevailing assumption that structural information alone is 

sufficient for risk prediction. Finally, the propagation analysis function opens 

new avenues for future research in interpretable early-warning systems and 

systematic risk assessment. 

Despite its important findings, this study has some limitations, such as relying on 

a single large-scale supply chian dataset and lacking ablation studies on model 

components. Future research could further explore incorporating exogenlous 

signals (eg. macroeconomic indicators or policy shocks)  and extending 

DynSupplyNet to real-time or streaming environments or continuous risk 

monitoring. Furthermore, coupling the DynSupplyNet risk prediction and 

propagation framework with advanced reinforcement learning-based operational 

models, such as PPO-driven production and pricing optimization systems [17], 

could potentially evolve passive early-warning mechanisms into active 

risk-mitigation systems, enabling autonomous and resilient supply chain 

management. Future research could further explore incorporating exogenous 

multi-modal signals (e.g., macroeconomic indicators, policy shocks, or 

high-frequency public operational sentiment efficiently processed by adapted 

LLMs [18]) and extending DynSupplyNet to real-time or streaming environments 

for continuous risk monitoring. 

In conclusion, this study, through a novel dynamic graph neural network 

framework combined with temporal fusion techniques, reveals how structural 

evolution and time-dependent enterprise features jointly shape supply chain risk. 

The findings provides new insights for the development of data-driven supply 

chain finance, regulatory supervision and early-warning systems. 
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