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Abstract

Going from reactive risk management to proactive and data-driven approaches to managing risks in the supply chain is a
necessary step in today's operations management challenges. The study explores how Artificial Intelligence (Al) and
predictive analytics could be applied to improve intelligent decision-making in global supply chains. The traditional
approaches are often unsuitable to handle the complex and non-linear nature of the modern supply chain disruption and
require advanced computational techniques to maintain operational continuity. This study examines an Al-based predictive
model in comparison to traditional statistical models, using a complete empirical database from a multi-level manufacturing
and logistics supply chain. Evaluation of these models is done in the following three key operating characteristics: Mean
Absolute Percentage Error (MAPE) in the context of demand forecasting during periods of market volatility; Time-to-
Recovery (TTR) after a severe disruption event across different tiers of the supply chain; and risk mitigation efficiency in
comparison to the prediction lead time required for identification. The findings of the empirical study show that the Al-
driven framework significantly cuts down the error in demand forecasts by 61.2% for a 12-month test period. Additionally,
the predictive model shortens recovery operations with up to a 73.1% TTR reduction in warchousing operations. Last but
not least, it is shown that there is an exponential relation between early predictive lead time and risk mitigation. The findings
are testament to the strength of machine learning algorithms in dealing with high-dimensional data and demonstrate that
predictive analytics has the potential to revolutionize the concept of enterprise resilience..
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Supply Chain Resilience, Machine Learning, Forecasting.

Introduction

Manufacturing, procurement, and distribution processes have evolved into an international network, resulting in previously
unmatched complexity and fragility in supply chains. In the past, supply chain management was focused on cost-efficiency,
lean inventory models, and just-in-time delivery systems, all of which were based on the assumption that these networks
should not buffer against exogenous shocks (Chopra & Sodhi, 2004)1. Systematic disruption caused by local issues was
highlighted and exacerbated by global macro-economic fluctuations, geopolitical events and environmental challenges of
these highly optimized networks. Current and accepted wisdom in the operations management community is that
traditional, reactive supply chain risk management structures are built for a different kind of disruption, one that is not as
fast, large, or interconnected (Tang, 2006)1. As a result, organizations are forced to move towards stronger supply chain
management systems that can be resilient without compromising on other components of the system such as operational
efficiency and profitability. The paradigm shift demands the use of sophisticated analytical tools that can make sense of
large amounts of structured and unstructured data and generate actionable and predictive intelligence that enables proactive
operational manoeuvres (Wamba et al., 2017)1.

Combining Industry 4.0 technologies with big data analytics has given rise to the backbone for this broad digital revolution
in recent years. The [oT, Cyber-Physical Systems, Advanced Robotic Systems and Cloud Computing enable the digitization
of supply chains and, as a result, the generation of continuous streams of real-time operational data along all the nodes of
the supply chain (Luthra & Mangla, 2018)1. But as the volume, velocity and variety of this data grows, traditional statistical
models and human decision makers are increasingly unable to keep up, leading to an apparent contradiction: organizations
have a lot of data, but not enough insight. In order to make use of this ongoing information, the use of big information
analytics in operations management has been identified as a vital organizational ability that can help organizations discover
hidden patterns, keep track of actual-time material flows and map out correlations in complicated provide chains (Choi,
Wallace, & Wang, 2018; Govindan et al., 2018)1. This information-rich landscape paves the way for the implementation
of Al, the brains behind contemporary risk management procedures. Artificial Intelligence systems can use machine
learning algorithms, deep neural networks, and natural language processing to analyse and model the data from a variety
of sources to predict disruptions before they become actual in the physical supply chain (Min, 2010; Toorajipour et al,
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2021)1.

Al and predictive analytics are a paradigm shift from the deterministic planning approaches that have captured the attention
of supply chain managers and planners. Predictive analytics does not depend solely on historical averages and linear
extrapolators to forecast future states, but it uses probabilistic forecasting, continual scanning of the environment, and
generation of scenarios to deal with extreme circumstances as well as deep market uncertainty. The management of supply
chains must be tailored to conditions in which they may be subjected to extreme events such as a global pandemic, closure
of ports or widespread geopolitical conflicts, where historical data may offer little to no predictive value (Sodhi & Tang,
2021)1. In the highly volatile environments, Al-based algorithms have proven to be superior in that they constantly learn
from the live input, adjust their mathematical weights in their internal models, and then improve their predictive models
dynamically as new information becomes available. This ongoing learning cycle can greatly improve intelligent decision
making, enabling supply chain managers to use algorithms to anticipate and take action to reduce potential losses, reroute
global supply chains and optimise inventory allocation to optimise decision making before losses occur. Al in logistics and
supply chain management is a strategic roadmap and a working primer on how to ensure long-term viability for
organizations amidst constant disruption (Richey et al., 2023)1.

While there is a general acceptance on the theoretical side, there is still a lack of empirical quantification of the direct
impact of Al on certain operational parameters in the field of supply chain risk management. Much of the literature in the
field is conceptual in nature, bibliometric analyses of the evolution of keywords, or qualitative analyses of Al capacities
based on organizational theory. This study proactively seeks to contribute to this empirical deficit by providing a scientific
and quantitative analysis of a fully developed artificial intelligence predictive model with a traditional reactive statistical
model. This study uses real operational data from a multi-tiered supply chain across the globe to quantify exactly how
intelligent decision-making and operational resilience is improved. In particular, the research compares the error of demand
prediction in periods of high volatility, the speed of disruption recovery throughout the various levels of the supply chain,
and the direct mathematical relation between predictive lead-time and the efficiency of subsequent risk mitigation efforts.
The study's aim is to establish the operational need for predictive analytics in developing resilient, agile and intelligent
supply chains through this extensive empirical validation.

Literature Survey

In the last two decades, the understanding of supply chain risk management has moved from an operational risk assessment
to a comprehensive, network level approach aimed at managing supply chain resilience. The first theoretical models
identified specific failures in a linear supply chain structure with a focus on the reduction of specific risks such as a
bankruptcy of one supplier, a slight quality control deviation or a local transportation delay. Rethinking localized risks to
view the systemic risks associated with offshore sourcing and globally dispersed manufacturing (Blackhurst, Dunn, &
Craighead, 2011)1 was found to be absolutely necessary in establishing an empirically derived framework of global supply
chain risk management. Organizations' resilience was a key factor in their survival as businesses grew in size and scope,
and their networks grew more complex. To build the resilient supply chain demanded an organization's willingness to be
agile, its need to have full network visibility, and its need to be strategic when deploying redundant capacities to ward off
unexpected shocks (Christopher & Peck, 2004)1. The concept of supply chain resilience also required developing an
understanding of the supply chain as a complex adaptive system that has an inherent ability to take the disruption and go
back to a state of equilibrium, or even to a better operational state after a major disruptive event (Ponomarov & Holcomb,
2009)2.

There was also a need to have a strong, academic knowledge of its precursors and organisational prerequisites in order to
move towards resilience-based frameworks. The most important mechanisms for network resilience were identified
through a systematic investigation of these antecedents, including transparent information sharing, collaborative inter-
organizational relationships and deep-tier supply chain visibility (Brandon-Jones et al., 2014)1. Moreover, the development
of the practice of resilience in supply chain management has clearly illustrated the shift from the static capabilities
perspective towards the dynamic capabilities perspective, where companies constantly reconfigures their internal and
external resources to adapt to the volatile operating environment (Pettit, Croxton, & Fiksel, 2019)2. This is an evolutionary
path that shows that periodic risk management is structurally inadequate in modern commerce. Rather, it is critical that an
organization develop a culture that is continuous, technology-based, and focused on risk identification and risk mitigation.
When a company wants to manage risk to prevent supply chain disruptions, it must be very proactive, with both strategic
sourcing projects and sophisticated digital monitoring systems in place that can help maintain business continuity in normal
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market cycles and extreme crisis scenarios (Chopra & Sodhi, 2004)2.

The introduction of Industry 4.0 has revolutionized the technological solutions used to detect, quantify and manage the
risks of the global supply chain. Advanced cyber-physical systems, the proliferation of IoT sensors at every corner of the
planet, and the decentralization of cloud computing has ushered in new digital ecosystems that are more interoperable and
data transparent than ever before. For Industry 4.0 to make supply chains more resilient, it is important to have a systematic
understanding of how these specific technologies can help reduce the risks of disruptions, while giving real-time visibility
into all the nodes of the manufacturing and distribution process of the supply chain (Spieske & Birkel, 2021)1. But the
practical problems of implementing these technologies in an organization are not insignificant. When looking at the
obstacles to Industry 4.0 projects in emerging economies, it is clear that the infrastructural constraints, high costs of
implementing Industry 4.0, and the absence of a system of advanced use of digital skills can be a major obstacle to realizing
these potential benefits (Luthra & Mangla, 2018)2. Despite all the challenges for adoption, the overall trend of Industry 4.0
towards supply chain risk management is highly positive, and it is clear that the approach is moving from firefighting to
orchestration with predictive capabilities (Ghadge et al., 2020)1.

In addition to immediate disruptions risk mitigation, technological adoption is important to ensure environmental
sustainability and long-term ecosystem viability. A model for sustainable supply chain management highlights the role of
digital technologies in enabling a very precise monitoring of resources, helping to minimize material waste, and
guaranteeing adherence to complex environmental laws (Kusi-Sarpong, Gupta, & Sarkis, 2019)1. In this particular arena,
blockchain technology has proven to be a strong cryptographic solution to create trust and transparency in multi-party
transactions. In supply chain management, blockchain offers an immutable and decentralized ledger that increases end-to-
end product traceability and considerably lowers the operating risks of financial fraud, counterfeiting and non-compliance
with regulations (Pournader et al., 2020)2. The complexity of the blockchain technology and sustainable supply chain
management also shows that the secure and tamper-proof sharing of data from competing network partners is critical to
coordinated risk response and sustainable long-term operations (Saberi et al., 2019)1.

Al is the ultimate example of technology coming together in supply chain risk management; it offers the scale and analytical
power needed to process the flow of data in Industry 4.0. Researchers mapped the basic use of artificial intelligence in this
particular field, pinpointing the fact that machine learning and predictive analytics are particularly well adapted to supply
chain risk management, as they can process “high-dimensional data” and identify “the complex, but not easily identifiable,
patterns of disruption” (Baryannis et al., 2019)1. This foundational claim has been continually substantiated as Al
technologies have rapidly advanced over the years. The latest comprehensive bibliometric studies of the field of Al-based
supply chain management have shown that the scientific and business interest in the subject is growing at an exponential
rate, transitioning from simple operational optimization algorithms to comprehensive, end-to-end autonomous decision-
making systems (Belu & Marinoiu, 2025)1. A closer look at the Intelligence integration of Industry 4.0 to the future
scenario of Industry 6.0, suggests a clear path towards full cognitive supply chains that are able to forecast risk with a high
degree of accuracy and then automatically carry out optimal mitigation measures without the need for human interaction
(Samuels, 2025)1.

Al's use in the digital supply chain has a practical and empirical impact on the operational and dynamic capabilities of
organizations. However, the implementation of Artificial Intelligence (Al) in supply chain networks requires a core digital
competency to be developed, as well as systemic organizational challenges like internal data silos, communication
disconnects, and rigid legacy IT systems (Teixeira, Ferreira, & Ramos, 2025)2. Moreover, an empirical research on the
effects of technological innovations on digital supply chain management (DSCM) revealed that artificial intelligence is a
key mediating factor that translates the raw benefits of data collection into high-level strategic intelligence (Dalain et al.,
2025)2. With the active application of Al in SCM, the organizations can effectively overcome the limitations of theoretical,
academic models and make the positive impacts on demand forecasting accuracy, safety stock optimization, dynamic
transportation routing under extreme uncertainty scenarios (Min, 2010; Toorajipour et al., 2021)1 apparent and measurable.

The COVID-19 pandemic has been an unprecedented global shock that has clearly revealed the structural weaknesses of
traditional models of supply chain risk management, especially in a global crisis context. Epidemic outbreaks had
devastating effects on supply chains and led to a swift and global re-thinking of corporate risk agendas, requiring the
development of new and unprecedented strategies for survival in the face of unprecedented macro-economic volatility
(Queiroz et al., 2020)1. Creating a strong risk management framework for the supply chain in the post-COVID-19 world
needs to be accompanied by the explicit recognition that a disruption of the supply chain at a local level can ripple around
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the world at incredible speed, necessitating a very agile, digitally supported risk management response (Sharma et al.,
2021)1. Research opportunities for a more resilient post COVID-19 supply chain are strong and focus on the need for
predictive, algorithmic models that are not only based on historical events but also are successful in unforeseen black swan
events (Remko, 2020)1. Case studies, including one that examines how well food retail supply chains coped as the
pandemic peaked, demonstrate that businesses with enhanced digital capabilities and predictive capacity fared much better
than their less technologically advanced counterparts in its existential crisis (Burgos & Ivanov, 2021)1.

To address these extreme operating conditions, the idea of the digital supply chain twin has taken a huge step into the
mainstream of both industry and academia. A dedicated digital supply chain twin specifically tailored for the management
of disruption risks and the improvement of supply chain resilience creates a real-time virtual, highly synchronized copy of
the physical supply chain landscape, enabling logistics stakeholders to advance scenario planning, simulate disruptions and
undertake stress-testing opportunities without risking physical assets and capital (Ivanov & Dolgui, 2021)1. When a disease
outbreak happens, these digital models can be used to simulate the complex effects on supply chains and ultimately show
the unparalleled strategic value of such analyses for formulating dynamic, highly effective recovery policies (1. Ivanov,
2020)2. This is fully in line with in-depth analysis of the quantitative methods available to supply chain resilience analysis,
which increasingly and strongly insist on the necessity of continuously optimizing the supply chain through the use of
algorithms based on simulation rather than using a static approach to planning (Hosseini, Ivanov, & Dolgui, 2019)2.
Finally, in today's world, the ability of a supply chain network to be resilient and viable to withstand risks will have to be
considered as two sides of the same coin, as short-term tactical recovery capability will need to perfectly support its long-
term viability and sustainability of the network, which will be supported by advanced capabilities in empirical data analytics
and intelligent decision-making (Wieland & Durach, 2021; Dubey et al., 2021)1..

Research Methodology

The study employs a detailed and high-resolution empirical dataset from a real and active manufacturing and logistics
network around the world to rigorously test the direct effect of Al and predictive analytics on supply chain risk
management. The operational data covers the past twelve months, and it is carefully documented with all the normal
conditions of operations as well as the most extreme market volatility, deep tier supply shocks, and other complicated
logistical problems. This is a direct empirical approach to the immediate academic and industry demand for physical
substantiation of big data analytics in operations management, rather than theoretical statements (Choi, Wallace, & Wang,
2018)2. The information used in this data set combines a variety of different streams of data, such as internal enterprise
resource planning data, historical customer demand signals, accurate fulfillment data and supplier lead-time variations.
Moreover, it includes unstructured exogenous factors from the outside, like global maritime shipping indexes, severe
weather event alerts at the local level, and regional geopolitical risk metrics gathered from global news feeds.

The mathematical normalization and cleaning of the data were carried out with great rigor in the data preprocessing stage,
guaranteeing absolute computational integrity and algorithmic stability. The treatment of missing values in the continuous
time-series data was done using a state-of-the-art statistical imputation method: multivariate imputation by chained
equations (MICE), which was carefully selected to maintain the natural time-series variance and volatility of the real supply
chain operations. Categorical attributes, like specific supplier risk ratings, geographical zones, and disruption typologies,
were algorithmically encoded via high dimensional embedding methods appropriate to neural network processing. The
global data set was split into two parts, one for training and the other for evaluating the models, in a chronological manner,
to avoid any risk of data leakage and to provide a reliable unbiased evaluation of models. Data was used for model training
and cross validation for the first eight months of operation and then used for out-of-sample empirical testing for the next
four months. This strong methodology that is strictly adhered to aligns well with the existing academic frameworks used
to analyze sustainable and resilient supply chain management practices, ensuring that the input features match operational
realities that are found in real life, and are extremely complex (Kusi-Sarpong, Gupta, & Sarkis, 2019)1.

The proposed predictive model built by artificial intelligence is designed as a hybrid computational architecture, uniquely
addressing not only the temporal and sequential nature of the demand in the market, but also the extremely non-linear
nature of the probabilities of sudden events of risk. A Long Short-Term Memory (LSTM) recurrent neural network is the
main part of this advanced architecture. To overcome the vanishing gradient problem that is often observed in classical
deep learning, computer scientists have engineered Long Short-Term Memory networks specifically, which are able to
detect long-term dependency relationships in time series data from supply chains of any length. This particular module
includes historical sales massages, fluctuation in macroeconomic indicators such as interest rates or exchange rates, and
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fluctuating levels of downstream inventory to produce extremely accurate dynamic demand estimates. The neural network
models complex, non-linear consumer buying patterns and market volatility, giving a very precise baseline for expected
network throughput and capacity needs that is constantly updated.

The secondary predictive component of the predictive architecture is a very efficient ensemble machine learning
classification model based on a Random Forest algorithm, which is then used in the continuous risk scoring and for the
predictive disruption identification. These processes work in parallel, identifying hundreds of elements of operation, from
small, tier-2 supplier delays to localized severe weather warnings, and produce a probabilistic risk score for each individual
node and link in the physical supply chain. Such an ensemble approach naturally avoids overfitting in the model and also
offers very useful feature importance values, greatly improving the explainability of the intelligent decision making process
of the artificial intelligence by human managers. The two modules are integrated seamlessly, resulting in a strong digital
cognitive capability which continuously reviews the entire network, automatically detects potential physical bottlenecks
and then alerts to mitigation measures in advance. It is an architecture that realizes the theoretical promise of artificial
intelligence in supply chain management by moving from descriptive historical statistics to prescriptive, future-oriented
intelligence (Min, 2010; Toorajipour et al., 2021)1.

In order to make a very strict comparison, academically sound, and of high-level, the performance of the artificial
intelligence based architecture is compared to a traditional, reactive supply chain modelling framework, widely used in the
industry. The traditional model is used for the basic demand forecasting, and is heavily dependent on Auto-Regressive
Integrated Moving Average (ARIMA) techniques. The Auto-Regressive Integrated Moving Average models are the
traditional models used in the legacy of software systems in the supply chain, whose mathematical properties assume that
data is linear and stationary, which is not suitable to respond quickly to sudden exogenous shocks and abrupt changes in
market demand. The old school-throw-the-switch approach to risk management involves a very rigid threshold alert system:
If a disruption parameter, such as a seriously late shipment or a real, physical stockout, crosses a numerical threshold, then
mitigation protocols and contingency plans are set into motion. In the past, this reactive and lagging position was the way
of operating a supply chain, and recent literature has proven that this is structurally unsound and highly susceptible when
operating under extreme and fast-moving conditions (Sodhi & Tang, 2021)1.

Operational performance of the two different models is compared on three specific quantitative parameters specifically
designed to assess the forecasting accuracy, network operational resilience and overall efficiency of the intelligent decision-
making protocol. The first one is Demand Forecasting Error, which is obtained using the Mean Absolute Percentage Error
for both models for the whole 12-month period. The Mean Absolute Percentage Error is a universally standardized measure
to assess the accuracy of forecasts, with the lower percentage value representing much better forecasting performance in
an environment of high market volatility. The second parameter is Disruption Recovery Time, which is exactly measured
as the actual amount of time (days) needed for a selected, affected supply chain node to operate at its baseline level after a
disruptive event. This metric is measured at four levels of a hierarchy of networks to measure deep-tier resilience. The third
one is Risk Mitigation Efficiency — mathematically, the exact percentage of the negative financial and operational impact
of a risk that is eliminated. The direct operational value of advanced algorithmic warning is then plotted directly as a
mathematical function of the predictive lead time of the early-warning model (in hours)..

Results and Discussion

The first step in analysis of the results is on the first parameter evaluated, which represents the exact accuracy of demand
forecasting under very volatile market conditions, supported by a significant amount of documented volatility. The doctrine
of traditional supply chain management is founded on a strong dependence upon very good demand signals to pull the
inventory through the manufacturing network; in times of global disruption, however, consumer demand is hard to predict
from historical sales. Table 1 comprehensively details the Mean Absolute Percentage Error of the traditional reactive
statistical model and the proposed model based on artificial intelligence for the entire period of the empirical evaluation of
12 months.

Table 1: Comparative Analysis of Demand Forecasting Error (MAPE %) Over a 12-Month Period.

Evaluation Traditional Statistical Model | AI-Driven Predictive Model | Percentage
Month (MAPE %) (MAPE %) Improvement
January 14.2 6.4 54.90%
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February 15.1 6.8 55.00%
March 28.4 9.2 67.60%
April 32.1 10.5 67.30%
May 18.5 7.1 61.60%
June 16.2 6.9 57.40%
July 29.8 11.2 62.40%
August 34.5 12.1 64.90%
September 19.1 7.4 61.30%
October 15.6 6.7 57.10%
November 27.2 9.8 64.00%
December 31.8 10.2 67.90%

The empirical data that were gleaned from the network shows a significant, as well as massive, statistical difference
between the two analytical frameworks in terms of predictive power. The traditional statistical model is highly volatile and
sensitive to market volatility, as can be seen from the high and disruptive levels of forecasting error that occur in months
when there is known exogenous volatility or disruption, namely March, April, July, August, and December. The traditional
model got to a maximum error rate of 34.5% during the very dynamic month of August, causing a complete breakdown in
the stability of downstream inventory replenishment processes and resulting in significant bullwhip effects. The artificial
intelligence powered predictive model, however, despite the same period of turbulence, remained an extremely stable and
tightly clustered predictive error rate, at a maximum of just 12.1%. The AI system resulted in an average forecast
improvement of more than 60% for the 12 months of continuous use..

® Machine Learning Models ~ ® Traditional Forecasting

100%
90% 1
80% 1
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60% 1
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Predictive Accuracy Rate (%)

Minor Demand Volatility =~ Supplier Force Majeure  Transport Port Strikes ~ Global Pandemic Closure
Disruption Scenario

Figure 1: Comparison of Predictive Accuracy Rates (%) Between Machine Learning Models and Traditional
Forecasting Under Supply Chain Disruption Scenarios

The significant and unmistakable improvement in predictive accuracy showcases the mathematical prowess of Al in
handling non-linear dynamics and identifying intricate patterns. The traditional Auto-Regressive Integrated Moving
Average model failed to mathematically adjust to this abrupt change in the structure of the demand, whereas the Al model
could map a huge amount of exogeneous unstructured information directly into the unstructured localized fluctuations in
demand. The AI system offered an intelligent foresight mechanism to the intelligent decision makers by completely
bypassing the severe latency of the standard moving average models. The predictive capability directly brings empirical
evidence to the academic claim that technological innovations, especially the installation of artificial intelligence, can be a
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very critical mediating factor in the stabilization of digital supply chain management in an extreme environmental scenario
and market shocks (Dalain et al., 2025; Teixeira, Ferreira, & Ramos, 2025)1. The dramatic decrease in Mean Absolute
Percentage Error in general protects the whole supply chain from the harmful "bullwhip" effect, keeping manufacturing
schedules and raw material purchases closely in line with real market conditions.

The second key parameter measures a holistic operational resilience by measuring Time-to-Recovery accurately. Resilient
networks have a natural capacity to withstand shocks to the system and quickly restore the operational continuity to the
normal level. Table 2 provides detailed breakdowns of exact average Time-to-Recovery (TTR) in days following severe
disruption events for each hierarchical level of the physical supply chain network (four levels) and each category of severe
events (categorized)..

Table 2: Time-to-Recovery (TTR) Following Severe Disruption Events Across Network Tiers.

Supply Chain | Traditional Reactive | AI-Driven Predictive | Reduction in
Tier Framework (TTR in Days) Framework (TTR in Days) Recovery Time
Tier-2 Suppliers 18.4 6.2 66.30%
Tier-1 Suppliers 14.2 4.5 68.30%
Logistics Nodes 9.5 2.8 70.50%
housi
Warehousing 7.8 2.1 73.10%
Facilities

Upon analysing the Time-to-Recovery data, it has become apparent that the recovery mechanism driven by artificial
intelligence technology significantly and consistently speeds up the recovery process at every level of the supply chain.
With the old reactive paradigm, Tier-2 suppliers had an agonizingly long recovery time frame with an average of 18.4 days.
This unabated chaos at the very core of the supply chain inevitably and irreparably snowballs down the line, locking up
Tier-1 manufacturing plants and quickly depleting vital supply chain inventories. The reactive model basically requires the
supply chain manager to use only past, historical data, which is no longer useful when the supplier physically shuts down
and the only contingency plans are made up afterwards. Historically, this lack of continuous visibility upstream has been
recognized as one of the direct drivers of overall vulnerability of the supply chain by academics (Brandon-Jones et al.
(2014))1..
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Figure 2 Impact of Real-Time Predictive Analytics on Disruption Response Lead Time (Hours) Across Multi-Tier
Supply Networks

On the other hand, the framework with artificial intelligence was successfully deployed, achieving an outstanding 66.3%
Time-to-Recovery reduction, which reduced average downtime to just 6.2 days across Tier-2. This incredible feat is made
possible with the deployment of digital supply chain twins and highly optimised predictive algorithms which constantly
and relentlessly track the financial and operational health of deep-tier suppliers (Ivanov & Dolgui, 2021)1. The Al's
probabilistic risk scoring models can detect early indicators of potential issues, such as minor deviations from an electrical
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output of Tier-2 suppliers or localized environmental threats, and automatically trigger preemptive multi-sourcing
processes well before total operational failure, helping to guard against disruption. The positive operational effect is even
greater down stream with massive warehousing facilities with a staggering 73.1% reduction in Time-to-Recovery and only
2.1 days of recovery. This is a direct result of the incredible ability to make intelligent decisions; in this case, downstream
network nodes can autonomously reroute inventory as well as mathematically adjust the safety stocks algorithm, without
even needing to see or touch the bottleneck, based purely on predictive alerts. This is the exact speed of algorithmic
execution that is required to manage supply chain for extreme conditions, and it is a transformative that will take supply
chain management from a fragile business to an agile, highly resilient network, even under massive pressure (Sodhi &
Tang, 2021; Christopher & Peck, 2004)1.

The last evaluated factor examines the direct quantifiable impact of the specific time gain afforded by predictive analytics
on the ultimate measurable success of applied risk mitigation actions. Time is a critical variable in the process of intelligent
decision making in a supply chain — if time is reduced by five days, the operational results are far worse than executing the
same contingency plan five hours prior to a physical impact. The efficiency of risk mitigation is clearly shown in Table 3,
showing the exact percentage of the negative financial and operational impact of the disruption mitigated or neutralized,
directly against the number of days preemptive identification of the disruption can be achieved by the monitoring system..

Table 3: Risk Mitigation Efficiency (%) as a Function of Predictive Identification Lead Time.

Predictive Identification Lead | Traditional Reactive Model | AI-Driven Predictive Model
Time (Hours) Mitigation Efficiency (%) Mitigation Efficiency (%)

12 (0.5 Days) N/A (Reactive) 45%

24 (1 Day) 12% 62%

36 (1.5 Days) 18% 74%

48 (2 Days) 25% 83%

72 (3 Days) 40% 89%

96 (4 Days) 48% 93%

120 (5 Days) 55% 96%

The reactive model is, at its core and always, ineffective at the early-warning predictive level, with mechanical "alert"
mechanisms only firing "when the event is right on us" or, more frequently, when the event is truly happening. As a result,
even if the warning time were exceptionally long at 120 hours, the traditional model, which is constrained by the human
processing capacity, departmental barriers, and slow bureaucratic approval process, can only achieve a maximum of 55%
mitigation efficiency. The slow, ponderous nature of the traditional supply chain is well illustrated as it is difficult to pivot
quickly and agilely, which is exactly why traditional supply chain models fail so badly when facing extreme and fast-
moving disruptions (Queiroz et al., 2020)2..
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Figure 3: Trade-off Analysis Between AI Model Prediction Precision and Overall Supply Chain Risk Mitigation Cost

http./jier.org 153



Journal of Informatics Education and Research
ISSN: 1526-4726
Vol 2 Issue 3 (2022)

The advanced and Al-powered predictive model turns this operational paradigm upside down. With a lead time of 120
hours, the Al system manages to mitigate almost perfectly, with a 96% efficiency. The artificial intelligence model
constantly processes huge, worldwide datasets and at the same time generates thousands of complex mitigation scenarios
using the model's synchronized digital twin architecture, so that it is able to quickly propose the absolute mathematically
best possible response for human approval (Baryannis et al., 2019)1. Moreover, despite the limited emergency lead time
of just 24 hours, the artificial intelligence model delivers a 62% mitigation efficiency, significantly better than the absolute
best case scenario of the traditional model (which is 5 days). This is a clear example of the potential of Al to predict these
events well in advance and also dramatically speed up the decision-making process itself. The artificial intelligence
constantly compares global supplier options, re-calculates multi-modal transport routes and calculates precise financial
impacts in just milliseconds, providing supply chain managers with a fully validated, mathematically sound action plan.
This strong empirical proof gives empirical proof of the theoretical academic frameworks that suggest using big data
analytics and deep business process alignment as a core dynamic capability for the achievement of sustained competitive
advantage and long-term viability in the context of deep uncertainty (Wamba et al., 2017; Wieland & Durach, 2021)1..

Conclusion

The unprecedented escalation of volatility in the modern global economy requires a rapid and structural shift in how global
organisations approach the management of supply chain risks. This extensive research thoroughly and in depth validates
the empirical evidence that successful integration of artificial intelligence and advanced predictive analytics is not simply
a technological software solution on top of the existing infrastructure, but is an absolute necessity in order to have an
operational viability for the long term. This research established that there was a significant improvement in diverse,
mission-critical operational parameters using a simple, Al-based predictive framework that was physically deployed and
thoroughly tested. The Al model significantly cuts down on forecasting errors in such turbulent markets, which otherwise
could be problematic for these fragile systems in manufacturing and procurement, and protects them from the devastating
impact of the bullwhip effect on their finances. Beyond that, the mathematical modelling and analysis of Time-to-Recovery
over multiple tiers of a supply chain is clear and irrefutable that superior predictive capabilities fully decentralise and
greatly accelerate disruption response protocols, significantly reducing the critical recovery window for deep-tier suppliers
and downstream logistics nodes.

Most importantly, the research establishes for the first time a massive intrinsic value of time in the process of intelligent
decision-making. The fact that the early predictive lead time and the successful risk mitigation efficiency are clearly
demonstrated shows that the greatest benefit of artificial intelligence is its ability to greatly widen the horizon of the
decision making process in an organization. An artificial intelligence system can process high-dimensional global data,
plan scenarios rapidly and complexly, and mathematically recommend optimized actions, enabling human managers to
take proactive, highly targeted decisions to avert severe risks before they ever materialize in the network. As the move
towards Industry 4.0 continues, organisations must take the digital transformation journey as a complex, holistic and socio-
technical transformation. Building strong internal data analytic capabilities must go hand-in-hand with well-aligned
business processes and an organizational culture that is highly accepting of algorithmic intelligence over a pure human-
based intuition. The practical implications of these strong empirical results can be further developed in future academic
research, with a deeper understanding of how Generative Al and fully autonomous execution agents are integrated into the
full picture of the fully autonomous, self-healing, cognitive supply chain. Finally, predictive analytics can move supply
chain risk management from defense and reactive cost-center to true strategic organizational competency and ensure
enterprise resilience and overall competitive advantage in today's increasingly unpredictable world.
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