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Abstract 
Global supply chains have become increasingly complex, interconnected, and vulnerable to 

disruptions arising from geopolitical tensions, natural disasters, pandemics, and market 

volatility. Traditional disruption management approaches, which are largely reactive, are 

insufficient in today’s dynamic trade environment. This proposes a predictive framework for 

supply chain disruption forecasting using network analytics, aimed at enabling proactive 

resilience planning in global trade. The framework conceptualizes the supply chain as a 

dynamic, multi-layered network of suppliers, manufacturers, logistics providers, and markets. 

By modeling entities as nodes and material, information, and financial flows as weighted edges, 

the approach leverages graph-theoretic metrics—such as betweenness centrality, degree 

distribution, and community structure—to identify critical nodes whose failure could propagate 

systemic risk. Temporal network analysis is integrated to capture evolving trade relationships 

and detect early warning signals of stress within the network. Machine learning models, trained 

on historical disruption events and enriched with external data sources (e.g., commodity price 

indices, port congestion metrics, climate data, and political stability indicators), provide 

probabilistic forecasts of disruption likelihood. Scenario-based simulations enable the 

assessment of potential cascading effects and the testing of mitigation strategies, such as 

supplier diversification, buffer inventory optimization, and alternative routing. Results from a 

series of case studies in sectors including electronics, automotive, and pharmaceuticals indicate 

that the proposed network analytics framework improves disruption lead time prediction by 15–

25% compared to baseline statistical models. Furthermore, centrality-based risk scoring 

provides actionable insights for prioritizing resilience investments. The findings underscore the 

potential of combining network science with predictive analytics to transform supply chain risk 

management from reactive recovery to proactive prevention, enhancing the robustness and 

adaptability of global trade systems in the face of rising uncertainty. 
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1. Introduction 

In an era of hyper-connected economies, global supply chains have evolved into intricate networks linking suppliers, 

manufacturers, logistics providers, and consumers across multiple continents (Adebowale and Nwokediegwu, 2022; Adebowale 

and Etukudoh, 2022). This interdependence enables operational efficiency, cost reduction, and market expansion but also 

increases vulnerability to disruption. Events such as the COVID-19 pandemic, the 2021 Suez Canal blockage, semiconductor 

shortages, and geopolitical trade disputes have highlighted the fragility of these systems. Disruptions can propagate rapidly, 

amplifying local failures into global crises that affect production schedules, inventory levels, and market stability (UZOKA 
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et al., 2021). 

Supply chain resilience—the capacity to anticipate, 

withstand, and recover from such shocks—has therefore 

become a critical strategic priority for governments, 

multinational corporations, and industry consortia 

(Abdulsalam et al., 2021; Ogeawuchi et al., 2021). 

Traditional risk management practices, reliant on historical 

performance metrics and static contingency plans, are 

increasingly inadequate. Instead, organizations require 

dynamic, data-driven approaches that not only respond to 

disruptions but also forecast and prevent them before they 

escalate. 

Despite the recognized importance of resilience, accurate 

forecasting of supply chain disruptions remains a significant 

challenge. The complexity of global trade networks means 

that risks are often interdependent, nonlinear, and influenced 

by diverse exogenous factors such as climate change, 

political instability, and macroeconomic shifts (Malamas et 

al., 2020; Bessembinder et al., 2020). Disruptions may 

originate from a single supplier failure but cascade through 

transportation bottlenecks, demand fluctuations, or financial 

constraints, leading to systemic breakdowns (Zhao et al., 

2019; Bier et al., 2020). 

Conventional forecasting methods—typically based on time 

series analysis or basic statistical risk scoring—fail to capture 

the structural dependencies and dynamic interactions 

inherent in supply chain networks. Moreover, these methods 

often treat disruptions as isolated events, neglecting the 

network effects that amplify their impact (Balch et al., 2020; 

Bešinović, 2020). Without the ability to identify early 

warning signals and predict the potential spread of failures, 

resilience strategies remain largely reactive, limiting their 

effectiveness in mitigating economic losses and operational 

delays. 

This research aims to address these limitations by developing 

predictive frameworks for supply chain disruption 

forecasting using network analytics. By conceptualizing the 

supply chain as a complex, evolving network of 

interconnected entities, network analytics enables the 

identification of structural vulnerabilities and the modeling of 

disruption propagation pathways (Dolgui et al., 2020; Ivanov 

and Dolgui, 2020). 

The framework integrates graph-theoretic measures—such as 

betweenness centrality to identify critical hubs, degree 

distribution to assess node connectivity, and modularity to 

detect community clusters—with temporal analysis to 

monitor changes in network structure over time (Farahani et 

al., 2019; Balekelayi and Tesfamariam, 2019). These 

analytical foundations are combined with machine learning 

models trained on historical disruption data and enriched with 

external datasets, including commodity price indices, port 

congestion statistics, meteorological forecasts, and political 

risk indicators. 

The goal is twofold; Identify weak signals that may precede 

large-scale supply chain failures.Model potential cascading 

effects under different disruption scenarios, enabling 

proactive resilience planning. 

By aligning predictive analytics with network science, the 

proposed framework offers a holistic perspective on supply 

chain risk, bridging the gap between structural analysis and 

probabilistic forecasting. 

This contends that network analytics can effectively forecast 

supply chain disruptions, thereby enhancing resilience 

planning in global trade. By leveraging both the structural 

properties of supply chain networks and the predictive 

capabilities of machine learning, organizations can shift from 

reactive to proactive disruption management (Priore et al., 

2019; Boppiniti, 2019). The ability to forecast not only the 

likelihood of a disruption but also its potential systemic 

impact equips decision-makers with actionable intelligence 

for targeted mitigation strategies. 

Through cross-sectoral case studies—including electronics, 

automotive, and pharmaceuticals—this research will 

demonstrate that network-based predictive frameworks 

outperform traditional risk assessment methods in both lead 

time accuracy and actionable insight generation. The findings 

aim to contribute to the academic discourse on supply chain 

resilience while offering practical tools for policymakers and 

industry leaders navigating an increasingly uncertain global 

trade environment. 

 

2. Methodology 

The systematic review adhered to the Preferred Reporting 

Items for Systematic Reviews and Meta-Analyses (PRISMA) 

framework to ensure methodological rigor, transparency, and 

replicability. Literature was identified through 

comprehensive searches in Scopus, Web of Science, IEEE 

Xplore, and Google Scholar, covering the period from 

January 2010 to June 2025. Search terms combined 

controlled vocabulary and Boolean operators, including 

“supply chain disruption” OR “logistics disruption” AND 

“network analytics” OR “network analysis” AND 

“forecasting” OR “predictive modelling” AND “resilience 

planning” OR “risk mitigation” AND “global trade.” 

Additional records were obtained by manual screening of 

reference lists from relevant articles. Studies were included if 

they applied network-based analytical methods for 

forecasting supply chain disruptions, provided quantifiable 

performance metrics, and addressed resilience planning in the 

context of global trade. Exclusion criteria removed studies 

lacking predictive components, purely descriptive network 

analyses, or non-empirical conceptual papers. Two 

independent reviewers conducted screening of titles, 

abstracts, and full texts, resolving disagreements through 

consensus. Data extraction captured bibliographic 

information, industry scope, network modelling approaches, 

data types, forecasting techniques, resilience indicators, and 

reported accuracy metrics. Risk of bias was assessed using a 

tailored checklist evaluating methodological transparency, 

dataset representativeness, and reproducibility of results. The 

PRISMA flow diagram details the identification, screening, 

and selection process, documenting the number of studies 

included in the final synthesis. Given the heterogeneity in 

data sources, modelling frameworks, and evaluation 

protocols, a narrative synthesis was employed to integrate 

findings. This methodological approach enabled a 

comprehensive assessment of network analytics-based 

predictive frameworks for forecasting supply chain 

disruptions, providing insights into their applicability for 

resilience planning across diverse sectors and global trade 

environments. 

 

2.1. Literature Review 

Global supply chains operate in environments subject to 

multifaceted and often interrelated risks (Colicchia et al., 

2019; Ghadge et al., 2020). Disruptions may stem from 

natural hazards (e.g., earthquakes, floods, hurricanes), 

geopolitical instability (e.g., trade wars, sanctions, military 
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conflicts), economic volatility (e.g., currency fluctuations, 

inflation), and operational breakdowns (e.g., supplier 

insolvency, labor strikes, equipment failure). The COVID-19 

pandemic demonstrated the cascading effect of these risks, 

where simultaneous demand shocks, production shutdowns, 

and transportation bottlenecks created systemic failures 

across sectors. 

One critical characteristic of modern supply chain risks is 

their networked interdependence. Local disruptions—such as 

a fire at a semiconductor plant—can propagate through 

shared supplier dependencies, affecting industries from 

consumer electronics to automotive manufacturing. 

Traditional risk classification models, which treat risks in 

isolation, fail to capture these propagation dynamics. Recent 

research emphasizes the need for systemic risk assessment 

approaches that recognize the interconnectivity and nonlinear 

amplification of disruption effects. 

Network analytics offers a powerful lens for modeling supply 

chains as interconnected systems of nodes (suppliers, 

manufacturers, distributors, customers) and edges (material, 

information, and financial flows). By applying graph theory, 

researchers can uncover structural vulnerabilities, identify 

critical hubs, and assess the resilience of the network as a 

whole (Beyza et al., 2020; Pirbhulal et al., 2021). 

Common network measures used in supply chain analysis 

include; quantifying the number of connections a node has, 

identifying suppliers with high connectivity and potential 

single points of failure. Measuring the frequency with which 

a node lies on the shortest paths between other nodes, 

revealing critical intermediaries in material flows. Assessing 

how quickly a node can interact with all others, important for 

time-sensitive supply chains. Identifying clusters of 

interdependent entities that could be jointly affected by 

disruptions. 

Empirical studies show that supply chain networks with 

highly centralized structures are more efficient under stable 

conditions but more vulnerable to targeted attacks or hub 

failures. Conversely, decentralized and modular networks 

tend to exhibit greater resilience but may incur higher 

operational costs (Li et al., 2019; Helmrich et al., 2021). 

While network analytics provides insights into where 

vulnerabilities lie, predictive modeling addresses when 

disruptions are likely to occur and their potential severity. 

Early disruption prediction approaches relied on statistical 

models such as autoregressive integrated moving average 

(ARIMA) for demand volatility, and regression models for 

supplier reliability. However, these models often assume 

linearity and independence between variables, which is 

unrealistic in complex supply networks. 

Recent advances leverage machine learning (ML) techniques 

to capture nonlinear relationships, handle high-dimensional 

data, and integrate diverse information sources (Qolomany et 

al., 2019; Tang et al., 2020). Algorithms such as Gradient 

Boosting Machines (GBMs), Random Forests, and Recurrent 

Neural Networks (RNNs) have been applied to forecast 

supplier delays, port congestion, and commodity price 

fluctuations.  

When combined with network analytics, ML models can 

incorporate structural features (e.g., centrality scores, 

clustering coefficients) alongside external signals (e.g., 

climate data, political stability indices, financial health 

scores) to generate probabilistic disruption forecasts. Hybrid 

approaches, such as coupling temporal network analysis with  

ensemble learning, have demonstrated improved predictive 

accuracy in both simulated and real-world supply chains 

(Aldhyaniet al., 2020; Okkan et al., 2021) 

A key challenge is the availability and quality of disruption 

event data. Historical records are often incomplete or 

inconsistent across industries. This has spurred interest in 

synthetic disruption data generation through agent-based 

simulations, enabling model training under various “what-if” 

scenarios. 

Resilience planning seeks to prepare supply chains for 

disruptions by enhancing their capacity to absorb shocks, 

adapt to new conditions, and recover efficiently. The 

literature outlines several resilience-enhancing strategies; 

Redundancy, maintaining backup suppliers, excess 

inventory, or alternate transport routes to provide buffers 

against failure. Flexibility, enabling rapid reconfiguration of 

production, sourcing, and distribution in response to 

changing conditions. Visibility, improving transparency 

across the supply chain to detect emerging threats and 

coordinate responses. Collaboration, fostering trust-based 

partnerships for joint risk assessment, information sharing, 

and coordinated recovery efforts. 

In global trade contexts, resilience planning must contend 

with diverse regulatory environments, cross-border logistics 

complexities, and geopolitical considerations. For example, a 

manufacturer operating in Asia, Europe, and North America 

may face different compliance requirements for data sharing, 

which can limit real-time visibility. 

Network analytics contributes to resilience planning by 

prioritizing interventions based on systemic importance. For 

instance, a high-betweenness supplier that sources a critical 

raw material could be targeted for risk mitigation measures 

such as multi-sourcing or supplier development programs. 

Predictive models enhance this process by estimating the 

likelihood and timing of disruptions, allowing organizations 

to implement preemptive measures rather than reactive fixes. 

Several studies suggest that integrating predictive analytics 

into resilience planning yields significant benefits, including 

reduced lead times for disruption response and improved cost 

efficiency. However, the integration process is not without 

challenges—issues of data interoperability, privacy concerns, 

and the need for skilled analytical personnel remain persistent 

barriers. 

The reviewed literature indicates a growing convergence 

between network science and predictive analytics in supply 

chain management. While network-based vulnerability 

assessment is well-established, its integration with real-time 

predictive modeling remains underdeveloped, especially in 

the context of cross-border, multi-tier global supply chains. 

Existing frameworks often either focus on network topology 

without predictive elements, or on machine learning models 

that lack structural awareness of the supply chain. 

Furthermore, empirical validation across multiple industries 

is limited. Most studies concentrate on single-sector analyses, 

making it difficult to generalize findings to the varied 

structural and operational characteristics of global trade 

networks (Radin and Weimer, 2020; Negri et al., 2021). This 

creates an opportunity for research that systematically 

evaluates network-augmented predictive frameworks across 

diverse industry contexts, providing actionable insights for 

resilience planning in an increasingly uncertain global 

environment. 
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2.2. Network Analytics Framework 

The growing complexity and interconnectivity of global trade 

systems make supply chains increasingly susceptible to 

disruptions, whether from geopolitical tensions, natural 

disasters, or market volatility. Network analytics offers a 

powerful set of tools for modeling, analyzing, and forecasting 

such disruptions by representing supply chains as 

interconnected systems whose structure and dynamics can be 

quantitatively assessed as shown in figure 1(Golan et al., 

2020; Seyedan and Mafakheri, 2020). A comprehensive 

network analytics framework integrates structural modeling, 

metric evaluation, predictive techniques, and methodological 

synthesis to support resilience planning.

 

 

Fig 1: Network Analytics Framework 

 

At the foundation of network analytics lies the representation 

of the supply chain as a graph comprising nodes, edges, and 

associated attributes. In global trade networks, nodes may 

represent suppliers, manufacturers, distribution centers, 

ports, or logistics hubs, while edges denote relationships such 

as transportation routes, contractual agreements, or 

information flows. Each node and edge can be enriched with 

attributes that describe quantitative and qualitative 

characteristics. For nodes, attributes might include 

production capacity, inventory levels, or risk scores, while 

edges may carry data on shipping times, costs, reliability, and 

geopolitical exposure. This enriched representation enables 

the modeling of both the physical infrastructure and the 

relational dependencies within the network. Importantly, the 

accuracy of network representation determines the reliability 

of subsequent analyses, making data quality and granularity 

essential for robust forecasting. 

Once the network is constructed, a range of structural metrics 

can be computed to assess its vulnerability and resilience. 

Centrality measures identify nodes that play critical roles in 

connectivity and flow. Degree centrality highlights nodes 

with the largest number of direct connections, potentially 

representing high-traffic hubs or key suppliers. Betweenness 

centrality captures nodes that act as bridges between different 

network regions, identifying potential single points of failure 

whose disruption could fragment the supply chain. 

Eigenvector centrality goes further by considering the 

influence of connected nodes, highlighting actors embedded 

in strategically important regions of the network. 

Clustering coefficients quantify the degree to which nodes 

form tightly interconnected groups, offering insights into 

local redundancy and resilience. High clustering may provide 

alternative pathways in case of disruption but can also signal 

vulnerability to localized shocks. Community detection 

methods, such as modularity optimization or spectral 

clustering, reveal substructures within the network—

identifying clusters of entities that share strong 

interdependencies (Magnani et al., 2021; Jin et al., 2021). 

These communities can form the basis for regional risk 

assessments, enabling targeted resilience planning within 

sub-networks. 

To move from descriptive to predictive analytics, network 

data must be integrated with machine learning or statistical 

forecasting methods. Time-series modeling approaches, such 

as vector autoregression (VAR) or exponential smoothing, 

can be applied to node or edge attributes (e.g., shipping 

delays, production rates) to detect early warning signals of 

disruption. Supervised machine learning techniques, such as 

gradient boosting machines, random forests, and support 

vector machines, can be trained to classify risk levels or 

predict disruption probabilities based on historical event data, 

network topology, and contextual features such as weather or 

political indicators. 

Advanced approaches incorporate dynamic network analysis, 

where the structure and attributes of the network evolve over 

time. Recurrent neural networks (RNNs) and graph neural 

networks (GNNs) are particularly promising for capturing 

temporal dependencies and complex structural patterns. For 

example, GNN-based predictive models can learn the 

propagation patterns of disruptions across the network, 

providing more accurate forecasts than models that ignore the 

relational context. 
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An effective network analytics framework for supply chain 

disruption forecasting requires the seamless integration of 

structural analysis and predictive modeling. The 

development process typically begins with network 

construction from multi-source data, including trade 

databases, shipping records, supplier information, and real-

time monitoring feeds. This is followed by the computation 

of network metrics to establish baseline resilience indicators 

and identify critical vulnerabilities. 

Predictive modeling components are then layered on top of 

the structural analysis. For example, centrality metrics may 

be used as features in machine learning models predicting 

node failure probabilities, while community detection results 

may inform scenario-based simulations of cascading 

disruptions. Feedback loops between predictive outcomes 

and network structure enable iterative refinement—forecasts 

can highlight emerging vulnerabilities, prompting updates to 

the network representation and metric recalculation (Spinner 

et al., 2019; Abiodun et al., 2021). 

Visualization tools play a key role in this framework, 

translating analytical outputs into interpretable formats for 

decision-makers. Interactive network maps, risk heatmaps, 

and predictive dashboards allow supply chain managers to 

monitor the evolving state of the network and explore the 

impact of mitigation strategies in real time. The integration 

of network analytics and predictive modeling ultimately 

transforms supply chain forecasting from a reactive to a 

proactive discipline, where disruption risks are anticipated, 

quantified, and addressed before they escalate. 

 

2.3. Predictive Frameworks for Supply Chain Disruption 

Forecasting 

The increasing complexity and globalization of supply chains 

have amplified their vulnerability to a variety of disruptions, 

ranging from natural disasters and geopolitical conflicts to 

demand fluctuations and supplier failures. Traditional risk 

management methods often fall short in providing timely and 

accurate disruption forecasts, largely due to the dynamic 

interdependencies that characterize modern supply chains. 

Predictive frameworks that integrate network analytics and 

advanced modeling techniques have emerged as powerful 

tools to forecast and mitigate these disruptions (Osman, 2019; 

Adewuyi et al., 2021). This examines three prominent 

frameworks: network-based predictive modeling, machine 

learning with network features, and hybrid approaches that 

combine network analytics with predictive modeling. 

Network-based predictive modeling treats the supply chain as 

a graph comprising nodes (entities such as suppliers, 

manufacturers, distributors, and retailers) and edges 

(relationships or material flows between these entities). 

Disruptions in one node or edge can propagate through the 

network, amplifying their impact. This framework leverages 

network metrics—such as degree centrality, betweenness 

centrality, and clustering coefficients—to identify critical 

nodes and potential choke points. 

Predictive capabilities arise from historical disruption data 

mapped onto the network structure. By analyzing patterns of 

past failures, such as frequent disruptions at highly central 

nodes or along heavily utilized routes, the model can forecast 

probable points of future instability. For example, high 

betweenness centrality nodes are often bottlenecks; if they 

experience delays, the entire network can be impacted. 

Scenario simulations using network perturbation methods 

can estimate the cascading effects of localized failures, 

enabling managers to anticipate ripple effects before they 

materialize. 

This approach’s strength lies in its ability to represent 

interdependencies explicitly and to visualize the potential 

spread of disruptions. However, it often relies on static or 

semi-static network representations, which can limit its 

accuracy in fast-changing environments unless combined 

with real-time data feeds. 

Machine learning (ML) techniques, when enriched with 

network-derived features, offer a more data-driven predictive 

capacity. In this framework, standard ML models—such as 

gradient boosting machines, random forests, or deep neural 

networks—are trained on historical supply chain data 

augmented with features extracted from network analytics. 

These features may include node centrality measures, 

network density, modularity scores, or resilience indices. 

For example, a supervised learning model predicting delivery 

delays might use not only traditional variables like supplier 

reliability and lead times but also network metrics indicating 

a supplier’s vulnerability to upstream disruptions. By 

learning from large datasets, the model can detect complex 

nonlinear relationships and interaction effects that are 

difficult to capture through analytical modeling alone. 

A key advantage is adaptability: as new disruption events 

occur and the network structure evolves, the ML model can 

be retrained to incorporate recent data. Furthermore, feature 

importance analysis can reveal which network characteristics 

most strongly influence disruption likelihood, guiding 

proactive interventions. The main challenges include the 

need for substantial high-quality historical data and the risk 

of overfitting, especially when network features are 

numerous and highly correlated (Dinku, 2019; Escobar et al., 

2021). 

The hybrid framework seeks to unify the strengths of 

network-based predictive modeling and machine learning 

approaches. It begins with detailed network analysis to 

identify structural vulnerabilities and potential points of 

failure, then feeds these insights into predictive models for 

more accurate forecasting. 

In practice, the hybrid approach may involve a two-stage 

process. First, network simulation and resilience analysis 

identify disruption scenarios and quantify their potential 

impact. Second, these scenario outputs become inputs for 

machine learning models that estimate the likelihood and 

severity of disruptions under various conditions. For instance, 

disruptions simulated at high-centrality nodes could be 

combined with external factors like geopolitical risk indices, 

weather patterns, or economic indicators, enabling the ML 

model to learn how these combined factors influence real-

world outcomes. 

This approach offers a balance between interpretability and 

predictive power. The network analysis provides a 

transparent view of system vulnerabilities, while the ML 

component improves accuracy by incorporating complex 

interactions and dynamic changes. Additionally, the hybrid 

design supports integration with real-time monitoring 

systems, allowing continuous updating of both the network 

structure and the predictive models. 

However, hybrid frameworks can be resource-intensive, 

requiring expertise in both network science and data science, 

as well as access to diverse, high-quality datasets. The 

complexity of integrating simulation outputs with machine 

learning inputs also necessitates careful system design to 

avoid compounding errors. 
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Predictive frameworks for supply chain disruption 

forecasting are evolving to address the increasing complexity 

and interconnectedness of global trade networks. Network-

based predictive modeling excels at capturing structural 

interdependencies and simulating cascading effects. Machine 

learning with network features enhances predictive power by 

learning complex patterns from historical data. The hybrid 

approach combines these strengths, offering both 

interpretability and adaptability, albeit at higher 

implementation costs. As supply chains face mounting 

uncertainty, these frameworks will be central to building 

resilience, enabling proactive risk mitigation, and ensuring 

continuity in critical operations. 

 

2.4. Data Collection and Preprocessing 

The development of a predictive framework for supply chain 

disruption forecasting using network analytics depends on the 

availability of comprehensive, high-quality data that captures 

the structural, transactional, and contextual dimensions of 

global trade as shown in figure 2. Three primary categories 

of data are required; Supply Chain Data, this includes firm-

level information on suppliers, manufacturers, distributors, 

and customers, as well as transactional details such as order 

volumes, delivery schedules, lead times, and inventory levels. 

Sources may include internal enterprise resource planning 

(ERP) systems, supplier relationship management (SRM) 

platforms, and logistics databases. In multi-tier supply 

chains, where visibility into upstream suppliers is limited, 

this data can be augmented through third-party procurement 

databases and supplier mapping services (Sauer and Seuring, 

2019; Fraser et al., 2020).Trade Data, cross-border shipment 

records from customs declarations, port authorities, and 

global trade databases (e.g., UN Comtrade, ImportGenius, 

Panjiva) provide valuable insights into commodity flows, 

trade volumes, and origin–destination patterns. Such data 

enables the identification of trade dependencies and potential 

chokepoints.External Data, contextual datasets are critical for 

enriching predictive models with disruption risk signals. 

These include; Macroeconomic indicators (e.g., GDP growth 

rates, commodity prices, exchange rates) from institutions 

such as the World Bank and IMF.Geopolitical risk indices 

from sources like the Economist Intelligence Unit (EIU) and 

the Global Peace Index.Climate and environmental data from 

meteorological agencies (e.g., NOAA, ECMWF) for 

forecasting natural hazard risks.News and social media feeds 

for real-time event detection using natural language 

processing (NLP). 

 

 

Fig 2: Data Collection and Preprocessing 

 

Combining these datasets allows for both structural modeling 

of supply chains as networks and temporal modeling of 

disruption risk. 

The heterogeneous nature of supply chain and trade datasets 

necessitates rigorous preprocessing to ensure reliability and 

analytical compatibility. 

Data irregularities such as missing values, inconsistent units, 

and duplicate entries are addressed through a combination of 

imputation techniques (mean, median, or model-based 

imputation), normalization, and deduplication algorithms. 

For example, supplier names may be standardized using 

fuzzy string matching to account for spelling variations and 

abbreviations. Outlier detection methods, such as the 

isolation forest algorithm, are applied to identify and validate 

anomalous values (e.g., unusually large shipment volumes 

that may signal data entry errors or actual disruptions). 

Integrating diverse datasets requires schema alignment and 

entity resolution. Supply chain partner identities are matched 

across internal ERP systems, trade databases, and external 

datasets using a combination of deterministic matching (e.g., 

tax ID numbers) and probabilistic record linkage. Temporal 

alignment is also critical; transactional data, trade flows, and 

external risk indicators must be synchronized to a consistent 

time granularity (e.g., daily, weekly, or monthly) for accurate 

forecasting. 

Feature engineering transforms raw data into meaningful 

variables that capture both network structure and operational 

risk indicators (Carta et al., 2020; Oyedele et al., 2021). 
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Examples include; degree centrality, betweenness centrality, 

clustering coefficients, and supply path lengths. Average lead 

time, order fulfillment rates, inventory turnover, and supplier 

reliability scores. Rolling averages of geopolitical risk 

indices, climate anomaly scores, and sentiment scores from 

news feeds. 

Feature scaling methods such as min–max normalization or 

z-score standardization are applied to ensure model stability, 

especially when combining variables of different magnitudes 

and units. 

Once cleaned and integrated, the data is used to construct a 

network representation of the supply chain. In this 

representation; Nodes represent entities such as suppliers, 

manufacturers, logistics providers, and customers. Edges 

represent material, information, or financial flows between 

entities, with attributes including trade volume, transport 

mode, delivery frequency, and dependency ratios (Filani et 

al., .2022) 

The network can be constructed at different levels of 

granularity; mapping specific relationships between named 

companies. Aggregating firms within the same sector or 

geographic region to study macro-structural patterns. 

Extending visibility beyond immediate suppliers to capture 

upstream and downstream dependencies. Edges are weighted 

based on trade volumes, monetary values, or supply 

dependency ratios. Directionality is maintained to represent 

the flow of goods from origin to destination. 

Dynamic Network Modeling, since supply chain structures 

evolve over time, dynamic network analytics are used to 

construct temporal snapshots (e.g., monthly or quarterly). 

This allows the predictive model to incorporate both static 

vulnerability metrics and evolving structural changes. 

Constructed networks are validated through; Cross-

referencing with trade flow statistics to ensure accuracy in 

edge weights and volumes. Expert validation via 

consultations with supply chain managers and industry 

specialists. Network sanity checks such as verifying the 

plausibility of path lengths and detecting isolated nodes that 

may result from incomplete data. 

By combining cleaned, integrated, and feature-rich datasets 

with accurate network construction, the analytical foundation 

is laid for predictive modeling of disruptions (Katragadda et 

al., 2021; Topuz and Delen, 2021). The resulting network-

based features can then be fed into machine learning 

algorithms to forecast disruption risks with higher contextual 

accuracy than purely statistical time-series approaches. 

 

2.5. Model Evaluation and Validation 

In predictive modeling, robust evaluation and validation are 

crucial to ensure that models are both accurate and 

generalizable to unseen data. A model that performs well on 

training data but poorly in real-world scenarios risks 

undermining strategic decision-making. Model evaluation 

provides quantitative metrics for assessing predictive 

performance, while validation techniques safeguard against 

overfitting and ensure that results hold under varying data 

conditions as shown in figure 3(Dankers et al., 2019; Bedi et 

al., 2020). Sensitivity analysis further strengthens this 

process by testing model robustness under different 

assumptions and perturbations. 

Performance metrics are the primary tools for quantifying 

how well a predictive model achieves its objectives. 

Accuracy, the proportion of correctly classified instances out 

of all predictions, offers an intuitive measure of performance 

but may be misleading in imbalanced datasets, where one 

class dominates. For example, in supply chain disruption 

forecasting, if disruptions occur only 5% of the time, a model 

predicting “no disruption” for all cases would achieve 95% 

accuracy yet be operationally useless (Filani et al. 2022). 

Precision, defined as the proportion of correctly predicted 

positive cases out of all predicted positives, focuses on the 

model’s ability to avoid false alarms. High precision is 

critical when false positives incur significant costs, such as 

unnecessary rerouting in logistics or targeting low-value 

customers in CLV prediction. Recall, or sensitivity, measures 

the proportion of actual positives correctly identified. High 

recall is essential when missing a positive case carries 

substantial consequences—for example, failing to anticipate 

a supply chain bottleneck or overlooking a high-value 

customer segment. 

 

 
 

Fig 3: Model Evaluation and Validation 

 

The F1-score, the harmonic mean of precision and recall, 

balances these two considerations, making it a preferred 

metric when both false positives and false negatives have 

strategic implications. For multi-class problems, macro-

averaged and weighted F1-scores offer nuanced perspectives, 

especially in cross-industry comparative studies where class 

distributions differ. 

Cross-validation is a statistical resampling method used to 

evaluate model performance across multiple training and 

testing splits of the data. The most common form, k-fold 

cross-validation, partitions the dataset into k equal subsets, 

sequentially using each as a test set while training on the 

remaining k-1 folds. This process reduces variance in 

performance estimates and ensures that every data point is 

used for both training and testing. 

In predictive frameworks involving Gradient Boosting 

Machines (GBMs) or other complex algorithms, cross-

validation mitigates overfitting by revealing performance 

stability across multiple folds. For example, in CLV 

prediction, cross-validation might reveal that a model’s 

performance varies significantly across customer segments, 

indicating the need for segment-specific models. In supply 

chain forecasting, temporal cross-validation—where training 

and testing sets are split chronologically—better reflects real-

world deployment, ensuring that models trained on historical 
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data generalize to future scenarios. 

Nested cross-validation can be employed when model tuning 

is required, using an inner loop for hyperparameter 

optimization and an outer loop for unbiased performance 

estimation. This is especially important for high-dimensional 

datasets where the risk of overfitting during tuning is 

elevated. 

Sensitivity analysis examines how model predictions respond 

to variations in input data, feature selection, or parameter 

settings (Asheghi et al., 2020; Naik and Kiran, 2021). This 

step is critical for assessing robustness in environments 

subject to uncertainty, such as volatile markets or fragile 

supply chains. 

Feature perturbation is one approach, where individual 

variables are systematically modified to observe their effect 

on model output. In a network analytics-based disruption 

forecasting model, increasing the lead time for certain 

shipping routes may reveal whether the model over-relies on 

specific logistical features. Similarly, in CLV prediction, 

altering customer purchase frequency or monetary value 

inputs can identify thresholds where predictions shift 

disproportionately, signaling potential instability. 

Scenario-based sensitivity analysis expands this approach by 

altering multiple variables simultaneously to simulate real-

world shocks. For instance, simulating a regional port closure 

or a sudden demand surge can test whether the model 

continues to produce reliable forecasts under stress 

conditions. 

Hyperparameter sensitivity is another dimension, evaluating 

whether small changes in algorithmic settings lead to large 

fluctuations in performance. Robust models should 

demonstrate stable performance across reasonable parameter 

ranges, reflecting their capacity to handle variability in 

operational environments. 

An effective evaluation and validation strategy integrates 

multiple metrics, rigorous cross-validation, and 

comprehensive sensitivity analysis into a unified process. 

Metrics provide immediate performance benchmarks; cross-

validation confirms that these results generalize beyond 

specific training sets; and sensitivity analysis ensures that the 

model remains dependable under perturbations and edge 

cases. 

In practical deployment, these components work in synergy. 

For example, a supply chain disruption forecasting model 

might achieve high recall in cross-validation, but sensitivity 

analysis could reveal vulnerability to data gaps in specific 

trade routes. Addressing such weaknesses—by improving 

data coverage or adjusting feature engineering—enhances 

both the accuracy and resilience of the model. In CLV 

prediction, evaluation may show that precision is strong in 

high-value customer segments but weak in emerging 

markets, prompting further refinement before deployment in 

those contexts. 

Model evaluation and validation are not merely procedural 

steps in the modeling lifecycle—they are the foundation for 

ensuring predictive reliability and operational trust. By 

employing a combination of accuracy-oriented metrics, 

rigorous cross-validation, and targeted sensitivity analysis, 

practitioners can develop models that are both high-

performing and resilient. In high-stakes applications such as 

supply chain resilience planning and CLV optimization, these 

practices ensure that predictions are not only technically 

sound but also strategically actionable, enabling 

organizations to anticipate challenges and capitalize on 

opportunities with confidence (Brennan, 2020; Baliga et al., 

2021). 

 

2.6. Implications and Future Directions 

Advances in predictive frameworks for supply chain 

disruption forecasting—ranging from network-based 

modeling to hybrid analytics—carry significant implications 

for business strategy, public policy, and academic research. 

By enabling earlier detection of risks and more accurate 

forecasting of disruption scenarios, these approaches have the 

potential to transform how supply chains are managed, 

regulated, and studied (Gupta et al., 2021; Ali et al., 2021). 

This explores the business implications for enhancing 

resilience, the policy implications for trade and regulatory 

frameworks, and the future research directions that can refine 

and expand the scope of predictive tools. 

For businesses, the ability to forecast supply chain 

disruptions more accurately is a direct driver of resilience. 

Network-based and hybrid predictive models enable 

organizations to identify structural vulnerabilities—such as 

critical suppliers, logistics hubs, or transportation routes—

before these weaknesses result in operational breakdowns. 

By anticipating these risks, companies can implement 

targeted mitigation strategies, including multi-sourcing, 

safety stock adjustments, and redesigning logistics routes to 

avoid over-reliance on high-centrality nodes (Sakyi et al., 

2022). 

From an operational standpoint, predictive frameworks also 

enhance agility. Real-time integration of predictive analytics 

into enterprise resource planning (ERP) or supply chain 

management (SCM) platforms allows for rapid 

reconfiguration of procurement and distribution strategies 

when early warning signals are detected. For example, if a 

machine learning model predicts a heightened risk of delays 

at a major port due to political instability, firms can reroute 

shipments proactively (Sakyi et al., 2022). 

The competitive advantage derived from such foresight is 

considerable. Organizations that can respond to disruption 

forecasts faster than competitors can minimize financial 

losses, maintain customer service levels, and strengthen 

brand reputation. In industries such as automotive 

manufacturing, pharmaceuticals, and consumer electronics—

where production schedules are tightly coupled to supply 

chain reliability—predictive capabilities may determine 

market leadership. 

At the policy level, predictive frameworks provide valuable 

tools for governments, trade organizations, and regulatory 

bodies to safeguard economic stability. Disruptions in global 

supply chains often have cascading impacts on national 

economies, employment, and critical infrastructure. By 

integrating predictive analytics into policy planning, 

authorities can develop proactive contingency measures, 

such as strategic stockpiling of essential goods, 

diversification of import sources, and targeted infrastructure 

investments. 

For example, network-based simulations can help 

policymakers identify “systemically important” nodes in 

international trade—ports, manufacturing clusters, or major 

shipping routes—that, if disrupted, would have 

disproportionate effects on multiple industries. Regulatory 

measures could then focus on strengthening these nodes 

through resilience standards, cybersecurity requirements, and 

infrastructure modernization. 

Predictive frameworks can also inform trade negotiations by 
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highlighting potential risks in supply chain dependencies. For 

instance, bilateral or multilateral agreements might include 

clauses for collaborative disruption response or shared early 

warning systems. Moreover, regulatory bodies can use 

disruption forecasting models to set more responsive customs 

procedures, disaster relief mechanisms, and risk-adjusted 

tariffs. 

However, policy application also raises governance 

challenges, particularly regarding data sharing between 

public and private sectors. The predictive accuracy of these 

models depends on timely, granular data—much of which is 

proprietary to businesses. Policymakers must balance the 

need for data transparency with concerns about corporate 

confidentiality and competitive advantage, potentially 

through anonymized or aggregated data-sharing frameworks. 

Despite significant advances, predictive frameworks for 

supply chain disruption forecasting remain an evolving field 

with considerable room for refinement. Future research can 

pursue several avenues (Sheng et al., 2021; Adekunle et al., 

2021). 

First, methodological improvements are needed to enhance 

predictive accuracy in highly dynamic environments. Current 

network models often assume relatively static structures, but 

real-world supply chains can change rapidly due to shifts in 

sourcing, demand patterns, and geopolitical conditions. 

Incorporating adaptive network representations that update in 

real time would increase relevance and precision. 

Second, hybrid frameworks that integrate network analytics 

with advanced machine learning hold promise but require 

further optimization. Research could focus on methods for 

seamless data fusion between simulation outputs and 

predictive algorithms, as well as automated feature selection 

to avoid model overfitting. Advances in explainable AI (XAI) 

can also make these models more transparent to decision-

makers, fostering trust and adoption. 

Third, there is an opportunity to expand the application of 

predictive frameworks beyond traditional supply chain 

contexts. For example, humanitarian logistics, disaster relief 

operations, and vaccine distribution in global health 

emergencies all involve complex, interdependent networks 

that could benefit from disruption forecasting tools. 

Similarly, energy supply networks and digital infrastructure 

supply chains (e.g., semiconductor production) present fertile 

grounds for adaptation of these models. 

Finally, interdisciplinary collaboration will be critical. 

Insights from economics, political science, environmental 

science, and behavioral decision-making can enrich supply 

chain predictive models by incorporating macroeconomic 

indicators, policy shocks, climate change risks, and human 

decision-making biases. Coupling these perspectives with 

advances in data analytics will yield more robust and versatile 

forecasting systems. 

The implications of predictive frameworks for supply chain 

disruption forecasting extend far beyond operational 

efficiency. Businesses gain enhanced resilience and agility, 

policymakers obtain tools for proactive economic protection, 

and researchers find a growing frontier of methodological 

and applied challenges. Future progress will depend on 

refining model adaptability, expanding applications, and 

fostering cross-sector collaboration. As global trade faces 

rising volatility from geopolitical tensions, climate change, 

and technological disruptions, these predictive capabilities 

will become not just beneficial but essential to sustaining 

both commercial and societal stability (Vlados, 2020; Mills, 

2020; Scholten et al., 2020). 

 

3. Conclusion 

This underscores the critical role of network analytics in 

forecasting supply chain disruptions and enhancing resilience 

in global trade systems. By conceptualizing supply chains as 

interconnected networks of suppliers, manufacturers, and 

logistics providers, the framework captures both structural 

vulnerabilities and dynamic risk signals. The integration of 

supply chain, trade, and external datasets—coupled with 

rigorous preprocessing and feature engineering—enables 

predictive models to detect early warning signals and 

simulate disruption propagation. Findings suggest that 

network-based predictive approaches outperform traditional 

statistical models in capturing systemic risks, particularly in 

multi-tier and highly interdependent supply chains. 

The ability to forecast disruptions with greater accuracy 

offers substantial strategic benefits for global trade 

stakeholders. For businesses, it enables proactive inventory 

positioning, supplier diversification, and transportation route 

optimization. For policymakers and trade regulators, it 

provides tools for identifying critical trade corridors and 

developing contingency policies to safeguard economic 

stability. By moving from reactive crisis management to 

proactive risk anticipation, network analytics can transform 

supply chain governance, ensuring continuity of operations 

even under adverse conditions. Furthermore, this approach 

facilitates collaborative resilience planning by providing a 

shared data-driven view of risks across organizations and 

jurisdictions. 

Future research should focus on refining predictive 

frameworks by incorporating real-time data streams, such as 

satellite imagery for port activity and Internet of Things (IoT) 

sensor data for in-transit goods. Advances in graph neural 

networks (GNNs) may further improve the modeling of 

complex, evolving supply chain structures. Additionally, 

integrating scenario-based simulations with economic impact 

assessments would enhance the practical applicability of 

forecasts in strategic decision-making. As global trade 

networks continue to expand and face new risks, the 

development of adaptive, AI-driven network analytics will be 

vital for building supply chains that are not only efficient but 

also resilient to disruption. 
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