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Abstract 

Global supply chains have faced unprecedented disruptions in recent years due to events 
such as the COVID-19 pandemic, geopolitical tensions, and climate change. This paper 
explores how predictive analytics and adaptive risk-based sourcing can be leveraged to 
enhance supply chain resilience. By analyzing historical trends, applying machine learning 
models, and dynamically adjusting sourcing strategies based on real-time risk assessments, 
organizations can proactively mitigate disruptions. A literature review identifies key models 
and case studies from before 2022, highlighting effective practices and gaps in current 
methodologies. 
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1. Introduction  

The global supply chain ecosystem is increasingly complex and vulnerable. Recent 

crises, such as the COVID-19 pandemic and the Suez Canal blockage, exposed weaknesses in 

conventional supply chain designs that prioritize cost-efficiency over flexibility and 

responsiveness. To combat this, businesses are integrating predictive analytics—which 

uses historical data and machine learning to forecast future events—with adaptive risk-

based sourcing, a strategy that dynamically adjusts procurement decisions based on 

evolving risk factors. 

These innovations allow firms to transition from reactive to proactive supply chain 

management. Predictive models can anticipate delays, demand spikes, or supplier failures, 
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while risk-based sourcing tools help firms select vendors based on geopolitical, 

environmental, and financial risk profiles. Together, they form a foundational strategy for 

future-ready global operations. 

This paper reviews early implementations and studies before 2022 to evaluate the 

potential and limitations of these technologies, and outlines recommendations for further 

research and industry adaptation. 

 

2. Literature Review 

The development of resilient supply chains has been a focus of supply chain research 

for over two decades, gaining renewed urgency amid the disruptions of the 21st century. A 

significant strand of the literature explores how predictive analytics and adaptive sourcing 

mechanisms can be deployed to improve responsiveness and risk mitigation. 

2.1 Predictive Analytics in Supply Chain Resilience 

Predictive analytics, drawing from machine learning and statistical modeling, has 

emerged as a core enabler of proactive supply chain management. Waller and Fawcett (2013) 

were among the early proponents who emphasized that big data analytics could transform 

reactive supply chains into predictive systems, thereby enhancing the ability to foresee and 

mitigate disruptions. They argued that analytics tools could yield valuable foresight in 

demand patterns, logistics bottlenecks, and potential supplier failures, which, if integrated 

into supply chain planning, would result in significant gains in resilience. 

Further empirical grounding is provided by Chong et al. (2017), who systematically 

reviewed machine learning approaches in supply chain forecasting. Their analysis revealed 

that models such as support vector machines, neural networks, and decision trees 

demonstrated superior performance over traditional statistical methods like ARIMA. They 

concluded that predictive analytics could significantly reduce demand uncertainty and 

inventory mismatches—key contributors to supply chain fragility. 
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Synthetically, Ivanov (2020) introduced the concept of “structural dynamics” in digital 

supply chains, integrating predictive simulations with real-time data to evaluate the 

cascading effects of localized disruptions (e.g., factory shutdowns, port delays). His 

simulation-based analysis underscored how digital twins—real-time, data-driven models of 

supply networks—could predict the systemic impact of shocks and support mitigation 

planning. 

2.2 Adaptive and Risk-Based Sourcing 

While predictive analytics helps identify risks, adaptive sourcing determines how an 

organization responds to them. Tang (2006) laid foundational work in this domain by 

advocating for sourcing strategies that are robust to variability and disruption. He classified 

adaptive sourcing into redundancy strategies (multi-sourcing) and responsive strategies 

(flexible contracts), both of which contribute to resilience by ensuring continuity amid 

uncertainty. 

Christopher and Peck (2004) provided one of the earliest frameworks for supply chain 

resilience, emphasizing the identification of "vulnerability nodes" and "risk propagation 

paths" across the chain. Their model introduced the idea that risk-based sourcing must be 

continuously updated based on dynamic externalities such as geopolitical risks, supplier 

financial health, and environmental concerns. 

Building on this, Sheffi and Rice (2005) offered an operations-focused perspective, 

suggesting that adaptive sourcing involves not only selecting the right suppliers but also 

developing the capacity to switch between them as risk profiles evolve. Their case studies of 

firms like Dell and Toyota illustrated how real-time risk feeds and collaborative supplier 

relationships enabled rapid reconfiguration of sourcing decisions during disruptions. 

 

3. Methodology and Analytical Models 

A simplified table shows how predictive models and risk-sourcing are combined in 

industry applications. 
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Methodology Description Example Tools Outcomes 

Predictive Demand Fore-

casting 

Uses past sales and market 

signals 
LSTM, ARIMA 

Improved planning ac-

curacy 

Risk-Based Vendor Se-

lection 

Assigns risk scores to sup-

pliers 

Monte Carlo, 

AHP 

Resilient sourcing deci-

sions 

Disruption Simulation Tests "what-if" scenarios Digital twins 
Recovery time estima-

tion 

 

4. Case Illustration 

 

Figure 1: Wikimedia Commons – Supply Chain Network Structure 

This diagram illustrates how predictive analytics and adaptive risk-based sourcing 

integrate across nodes of a global supply chain to detect, analyze, and respond to disruptions. 
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5. Conclusion 

Integrating predictive analytics with adaptive risk-based sourcing is no longer 

optional—it is essential. Literature prior to 2022 provided robust theoretical foundations 

and practical insights. However, future studies must address challenges like data integration, 

model transparency, and the dynamic nature of global risks. The real-time synthesis of digital 

twins and AI-driven simulations may unlock new resilience frontiers. 

 

References 

[1] Chong, A. Y. L., et al. "Predicting Demand in Supply Chains Using Machine Learning: 

A Review." Decision Support Systems, vol. 107, 2017, pp. 1–14. 

[2] Christopher, M., and H. Peck. "Building the Resilient Supply Chain." International 

Journal of Logistics Management, vol. 15, no. 2, 2004, pp. 1–14. 

[3] Ivanov, D. "Predicting the Impacts of Epidemic Outbreaks on Global Supply Chains: 

A Simulation-Based Analysis on the Coronavirus Outbreak (COVID-19/SARS-CoV-2) 

Case." Transportation Research Part E: Logistics and Transportation Review, vol. 136, 

2020, article 101922. 

[4] Pettit, T. J., K. L. Croxton, and J. Fiksel. "Ensuring Supply Chain Resilience: 

Development of a Conceptual Framework." Journal of Business Logistics, vol. 34, no. 

1, 2013, pp. 46–76. 

[5] Sheffi, Y., and J. B. Rice. "A Supply Chain View of the Resilient Enterprise." MIT Sloan 

Management Review, vol. 47, no. 1, 2005, pp. 41–48. 

[6] Tang, C. S. "Robust Strategies for Mitigating Supply Chain Disruptions." International 

Journal of Logistics, vol. 9, no. 1, 2006, pp. 33–45. 

[7] Waller, M. A., and S. E. Fawcett. "Data Science, Predictive Analytics, and Big Data: A 

Revolution That Will Transform Supply Chain Design and Management." Journal of 

Business Logistics, vol. 34, no. 2, 2013, pp. 77–84. 



 

 

 6  

 

[8] Dubey, Rameshwar, et al. "Big Data Analytics and Artificial Intelligence Pathway to 

Operational Performance under the Effects of Entrepreneurial Orientation and 

Environmental Dynamism: A Study of Manufacturing Organizations." International 

Journal of Production Economics, vol. 226, 2020, article 107599. 

[9] Mangla, Sachin Kumar, et al. "Barriers to Effective Circular Supply Chain 

Management in Emerging Economies: A Case Study of India." International Journal 

of Production Research, vol. 56, no. 1–2, 2018, pp. 1–22. 

[10] Choi, Tsan-Ming. "Innovative 'Bring-Service-Near-Your-Home' Operations under 

Corona-Virus (COVID-19/SARS-CoV-2) Outbreak: Can Logistics Become the 

Messiah?" Transportation Research Part E: Logistics and Transportation Review, vol. 

140, 2020, article 101961. 

[11] Baryannis, Georgios, et al. "Supply Chain Risk Management and Artificial 

Intelligence: State of the Art and Future Research Directions." International Journal 

of Production Research, vol. 57, no. 7, 2019, pp. 2179–2202. 

[12] Hofmann, Erik, and Urs Magnus. "Big Data and Supply Chain Decision-Making: The 

Impact of Volume, Variety and Velocity Properties on the Supply Chain Risk 

Management Process." International Journal of Production Research, vol. 55, no. 17, 

2017, pp. 5108–5126. 

[13] Kache, Florian, and Stefan Seuring. "Challenges and Opportunities of Digital 

Information at the Intersection of Big Data Analytics and Supply Chain 

Management." International Journal of Operations & Production Management, vol. 

37, no. 1, 2017, pp. 10–36. 

[14] Tiwari, S., Wee, H. M., and Daryanto, Y. "Big Data Analytics in Supply Chain 

Management between 2010 and 2016: Insights to Industries." Computers & 

Industrial Engineering, vol. 115, 2018, pp. 319–330. 

[15] Wamba, Samuel Fosso, et al. "Big Data Analytics and Firm Performance: Effects of 

Dynamic Capabilities." Journal of Business Research, vol. 70, 2017, pp. 356–365. 



 

 

 7  

 

[16] Dubey, Rameshwar, et al. "Supply Chain Agility, Adaptability and Alignment: 

Empirical Evidence from the Indian Auto Components Industry." International 

Journal of Operations & Production Management, vol. 38, no. 1, 2018, pp. 129–148 


