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AI and Predictive Analytics for Supply Chain Risk Management: Opportunities for U.S. Manufacturing Resilience

Abstract
Recent shocks in the global supply chain such as pandemic related shutdowns and semiconductor shortages have shown the susceptibility of the U.S. manufacturing supply chains.  Conventional risk management practices that are mostly based on historical averages and reactive practices have not been effective in unpredictable environments.  This paper examines the connection between artificial intelligence (AI) and predictive analytics and reinforcing risk identification, forecasting, and resilience in the U.S. manufacturing industry.  We assess the performance of predictive modeling models including ARIMA, Prophet, and Random Forest using the secondary data of U.S. Census Bureau, Bureau of Labor Statistics, and publicly available logistics datasets, as well as a survey of people in the middle-sized manufacturing companies.  The most important measures of resilience are forecast error (MAPE, RMSE), inventory turnover, order fulfillment, and recovery time.  The findings indicate that predictive analytics can greatly reduce errors in predictions as well as enhance the outcomes of resilience with the Random Forest being better in terms of reducing forecast error by up to 30% as well as increasing order fulfillment rates by 15% compared to traditional models.  Regression analysis also supports the fact that there is statistically significant positive correlation between business intelligence adoption and resilience indicators (p < 0.01).  These results indicate the usefulness of predictive analytics as an ingredient of operations decisions.  To managers, the study illustrates the use of digital tools to help them get actionable information on the risks of disruption and to policymakers, it is part of wider efforts to strengthen national supply chain resilience.  This study can enhance the empirical understanding of AI-facilitated models and introduce feasible resilience metrics by providing the U.S. landscape and an effective framework to manage the supply chain risk management, which is based on data.
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I. INTRODUCTION
The links between supply chains and U.S. manufacturing are becoming more vulnerable to any of the shocks caused by pandemic-related closures and geopolitical outages, as well as shortages of raw materials.  The COVID-19 crisis was the sole demonstration of the speed at which global networks disintegrate under the pressure, with its effects spread across industries as different as semiconductors, automotive, and consumer goods.  Such events not only interfered with production and distribution but also destroyed any belief in traditional risk management systems which are based on the deeply rooted historical averages and the reactionary approach.  The capability to forecast and react to the unpredictable has turned into a tactical requirement of companies in such an environment as well as a national policy agenda of policymakers.
The new literature has highlighted the importance of resilience as a fundamental competence of contemporary supply chains.  The capacity to predict, absorb, recover and adapt to unexpected shocks called resilience goes beyond traditional efficiency-driven strategies.  Although researchers have framed resilience along agility, redundancy and flexibility, there has been inconsistency in the measurement of resilience in empirical environments.  Most researches adopt qualitative frameworks or generalized measures without explicitly examining predictive frameworks on real world supply chain data.  This is because of the absence of empirical rigor and therefore it is hard to translate theory into practice.
Meanwhile, new possibilities in proactive supply chain risk management have emerged due to the development of artificial intelligence (AI) and predictive analytics.  Time-series forecasting, ensemble learning and anomaly detection have been demonstrated to be useful in predicting fluctuations in demand, identifying precursors of disruption, and managing inventory.  Much of this literature, however, is either technical in its orientation, i.e. it does not put its model development on any empirical basis, or global, with little empirical work placed in the U.S. manufacturing environment.  The lack of data-driven studies that are region-specific limits academic knowledge and applicability to the manager. 
This paper fills these gaps and proposes an approach of implementing predictive analytics into a resilience measurement system within the U.S. manufacturing supply chains.  The study compares various predictive models, such as ARIMA, Prophet, and Random Forest, to resilience measures, such as forecast performance, inventory turnover, order fulfillment, and recovery time, using publicly accessible data available and survey feedback from the middle-sized manufacturers.  The study presents empirical evidence on how predictive analytics enhance the outcomes of resilience by comparing the conventional forecasting techniques and machine learning techniques directly.  
The input of this paper is three-fold. First, it empirically proves the worth of the AI and predictive analytics in enhancing the supply chain resilience, with some measurable contributions to the performance indicators.  Second, it contextualizes the analysis with the U.S. manufacturing which is one of the sectors that policymakers have pointed out as essential to national security and economic competitiveness.  Third, it devises a practical framework, which connects predictive model performance to resilience indicators, which connects technical innovation and managerial application.  Collectively, these inputs would answer the literature call of more context-specific, data-driven solutions and offer practical insights to industry players as well as policymakers dedicated to building resilience in U.S. supply chains.  


II. LITERATURE REVIEW
A. Supply Chain Risk Management and Resilience.  
Supply chain risk management (SCRM) is a topic that has occupied the center of the attention of operations research over a period of 20 years.  Risks found in the early frameworks were attributed to the variation of demands, supply interference, or network complexity (Juttner et al., 2003; Tang, 2006).  The capacity of a system to envision, absorb, recuperate and adjust to shocks, which is known as resilience has been identified as an essential capacity of sustaining continuity in turbulent surroundings (Ponomarov and Holcomb, 2009).  Recent researches emphasize that resilience is not merely a matter of survival following the incident but a process that prepares firms to gain a competitive edge by responding quicker than competitors (Ivanov, 2021).  
B. Conceptual/ vs. Empirical Approaches: 
Even though resilience is a well-discussed concept, a substantial part of the literature is still abstract.  The constructs of resilience that researchers tend to define include agility, flexibility, redundancy, but do not operationalize them.  A substantial body of research is based on surveys or qualitative assessment based on cases (Ali et al., 2017), which offer useful information but are not suitable in terms of comparing results across different settings.  Empirical research based on quantifiable measures, e.g., forecast error, inventory turnover, stockout risk or recovery time, is relatively limited with a gap in rigorous, evidence-based evaluation. 
C. Analytics and Artificial Intelligence: 
Simultaneously, the development of analytics has revolutionized the supply chain management.  Descriptive dashboards, business intelligence (BI) as well as early decision-support systems assisted managers to track performance and detect risks.  And more recently, predictive and prescriptive analytics, enabled by artificial intelligence (AI) and machine learning (ML) provide means of proactive risk mitigation.  ARIMA, neural networks, ensemble learning, and Prophet are some of the techniques tried in demand forecasting and logistics planning (Box et al., 2015; Breiman, 2001; Choi et al., 2018).  These studies indicate technical potential of predictive analytics, but most of them discuss it in terms of accuracy of forecasting, but not the resilience outcomes. 

D. Integration Gap: Analytics and Resilience:
A recurring limitation in existing research is the disconnection between technical model validation and managerial outcomes.  Many AI-focused studies evaluate models based on error reduction metrics (MAPE, RMSE), but stop short of linking these improvements to resilience indicators such as reduced recovery time or improved order fulfillment. Conversely, resilience studies often discuss strategies conceptually without adopting modern predictive tools.  This divide prevents the literature from offering integrated frameworks that both validate model performance and show tangible resilience benefits.

E. Geographical and Contextual Limitations:
Another gap concerns the scope of empirical work.  Much of the research on predictive analytics and resilience is conducted in European or Asian contexts, where data availability and industrial cooperation are more established. U.S. manufacturing, critical for economic competitiveness and national security, remains underrepresented in the academic discourse.  While policy reports emphasize the urgency of strengthening domestic supply chains, scholarly research has not yet provided comprehensive empirical evidence on how predictive analytics can enhance resilience specifically in U.S. industries.
F. Research Gap and Contribution
In summary, the literature reveals three main gaps: 1. Limited measurement, resilience often lacks quantifiable indicators, restricting empirical comparison.  2. Weak integration as predictive analytics studies rarely connects model performance to resilience outcomes and 3. Contextual underrepresentation like U.S. manufacturing supply chains have not been sufficiently examined.
This study addresses these gaps by: Developing a resilience measurement framework that incorporates predictive model outputs into operational metrics.  Comparing traditional forecasting models (ARIMA, Prophet) with machine learning (Random Forest) to link accuracy improvements with resilience outcomes.  Situating the analysis within U.S. manufacturing, using both secondary data and industry survey insights.
By doing so, the research not only strengthens the empirical foundation of resilience studies but also provides actionable insights for managers and policymakers navigating the uncertainties of modern supply chains.
 

III. RESEARCH METHODOLOGY

This paper follows a mixed-methods research approach that includes analysis of secondary data, publicly available datasets, and industry survey data in determining the relevance of predictive analytics in improving supply chain resilience in U.S manufacturing.  The methodology has been designed so as to provide breadth, at the country level with national-level indicators, and depth, at the sector level with a survey-based data.  

A. Data Sources:

Three types of data were applied.  To begin with, secondary data was collected through the official sources such as the U.S Census Bureau, the Bureau of Labor Statistics and industrial production indexes.  These data sets give longitudinal measures of manufacturing performance, production variability and labor market trends that are significant to the resilience analysis.  Second, it used public datasets on websites like Kaggle and World Bank.  These were inventory data, logistics performance indexes and global trade indicators, which add operational and context under data to the analysis of the supply chain performance.  Lastly, a survey of the industry was carried out among mid-sized manufacturing companies of the U.S. in 2023-2024.  The questionnaire was dedicated to the use of business intelligence (BI) tools, predictive analytics and resilience practices, providing a firm-level confirmation of the trends in macro-level data.

B. Sample Selection:

The analysis focused on manufacturing industries that were classified as being important to the American national supply chains. These were automotive, semiconductors and textiles which are all more prone to being affected by global supply shocks.  The period chosen was 20152024, which will enable the research to record resilience performance prior to, in the middle of and after major upheavals like the COVID-19 pandemic and subsequent shortages of supplies.  


C. Metrics for Resilience:

The study used five quantitative indicators to operationalize resilience.  Mean Absolute Percentage Error (MAPE) and Root mean square error (RMSE) were used to measure the accuracy of the forecast.  The ratio of inventory turnover was used to determine the level of efficiency in the use of stocks and the stockout prospectus gave an indication of the weakness to shortages.  The ability to sustain customer service when stressed was measured by recovery time in case of disruption, in days, adaptability and order fulfillment rate.  These metrics present a multidimensional perspective on the resilience outcomes.

D. Analytical Methods
The statistical and machine learning have been used together in the analysis.  The relationship between BI adoption and resilience outcomes was tested with the help of regression analysis.  ARIMA was used in predictive modeling to perform baseline time-series forecasting, Prophet was used to detect trends and seasonality flexibly, and the non-linear pattern recognition was done by using random forest.  Moreover, the machine learning classification methods were used to classify the firms into the disruption risk groups, according to their recovery profile and exposure to disruption.

E. Validation and Robustness
The models were trained and tested on split of available data were tested on 70/30 to assure the robustness of results.  The K-fold cross-validation was used to avoid overfitting and increase the generalizability of the results across industries.  Sector analysis Robustness checks were performed to ensure that results were not influenced by any of the industries.

F. Ethical Considerations
No personal information was found and all the data utilized in this study were secondary and publicly accessible. The respondents were informed in surveying and anonymity was attained to guarantee confidentiality. No data of proprietary kind were revealed without prior consent. Lastly, the use of the AI tools, such as Python and Google Collab to develop the predictive models and visualizations, are presented in a transparent manner, with all interpretation and conclusions being left to the author.





IV. RESULTS
The empirical analysis generated results across three dimensions: (1) the relationship between business intelligence (BI) adoption and resilience outcomes, (2) the performance of predictive models, and (3) sector-specific robustness checks.
A. Regression Analysis
Regression analysis confirmed a statistically significant positive association between BI adoption and resilience outcomes.  Firms that reported higher levels of BI and predictive analytics integration demonstrated stronger resilience across all five indicators.  The results show that BI adoption is linked to lower forecast error, faster recovery times, and higher order fulfillment rates.  The coefficient for BI adoption was positive and statistically significant (p < 0.01).
TABLE I. Regression Results Linking BI Adoption and Resilience Outcomes
	Resilience Indicator
	Coefficient (β)
	Std. Error
	t-value
	Significance (p)

	Forecast Accuracy (MAPE)
	-0.312
	0.087
	-3.58
	<0.01

	Inventory Turnover
	0.271
	0.102
	2.66
	<0.05

	Stockout Probability
	-0.298
	0.091
	-3.28
	<0.01

	Recovery Time (days)
	-0.245
	0.110
	-2.23
	<0.05

	Order Fulfillment Rate
	0.321
	0.095
	3.37
	<0.01




B. Predictive Model Performance
Three predictive models were tested: ARIMA, Prophet, and Random Forest.  Performance was evaluated using AUC, precision, recall, and forecasting error metrics.  Results indicate that Random Forest outperformed traditional models, reducing forecast error by approximately 30% compared to ARIMA and improving order fulfillment by 15%.
TABLE II. Predictive Model Performance Metrics
	Model
	AUC
	Precision
	Recall
	MAPE
	RMSE

	ARIMA
	0.78
	0.70
	0.65
	18.4%
	4.12

	Prophet
	0.85
	0.74
	0.71
	15.9%
	3.64

	Random Forest
	0.91
	0.82
	0.80
	12.8%
	2.87
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As shown in Fig. 1:  Predictive Model Comparison (AUC Scores)

            [image: ]

As shown in Fig. 2: Forecast Error Comparison Across Models


C. Robustness Checks
To verify that results were not sector-specific, robustness checks were conducted across automotive, semiconductor, and textile industries.  While performance varied slightly, the superiority of Random Forest in predictive accuracy and resilience indicators remained consistent across all sectors.

V. CASE STUDY
Auto Supply Chain in the U.S. in the Semiconductor Shortage:
A. Context
In the 2020-22-semiconductor shortage, the U.S. automotive industry was hit badly.  The automobile companies, which depend on the systems of just-in-time supply, were to stop the production as the deliveries of the chips were slowed.  Industry reports are showing that the world overall autos production fell to approximately 11 million vehicles in 2021, U.S. plants being impacted more than other sites.  The recovery process was also uneven and the disturbance indicated structural weaknesses in local supply chains.  In this case, it is feasible to implement the predictive analytics model that was created in this research to determine the impact of AI-based approaches to reduce risk.
B. Predictive Models Usage.
Past demand and supply data in 2015-2022 were obtained using publicly available datasets of the automotive industry.  Three forecasting models, which included ARIMA, Prophet and Random Forest, were trained to make the demand of the chips based on the expected automotive output.  One of the criteria used to evaluate the models was the capability to predict shortages and make inventory decisions.
ARIMA was effective in the long-term demand trend, but it was not effective in sharp and abrupt volatility, which gave high forecast errors when disruptions are at their peak levels.
The use of Prophet also did better at capturing seasonality and other external regressors and yet overestimated the magnitude of shortages.
Random Forest can also identify initial signs of shortage risk more accurately since it used several predictors such as international trade flows and macroeconomic variables.
C. Knowledge Advantages over the Conventional Methods:
The customary risk management within the sector has used supplier guarantees and reacted changes, which are not sufficient.  Conversely, the case study indicates that Random Forest minimized error in forecasting by 28 percent against ARIMA and forecasted possible shortages 3 months before.  The lead time would have allowed companies to develop buffer stock or diversify the sourcing strategies, prior to the shutdowns of production.  The order fulfillment rates, which were simulated using the predictive model, increased by 12 percent compared to the base case.
The case study highlights the importance of predictive analytics in the context of the gap between monitoring and proactive resilience.  Although ARIMA and Prophet offer improved increments, machine learning systems such as Random Forest are able to offer actionable predictability in excessively volatile supply settings.  Notably, this fact confirms the wider findings of the research process and proves the practical application of the introduction of AI tools into the supply chains of the U.S. manufacturing industry.
VI. DISCUSSION 
A. Comparison and Contraction with Previous Studies:

The results of this research are in line with and build up on the existing research on resilience of supply chains.  Ivanov (2021) highlighted the need to have viability and flexibility in global supply chains when faced with COVID-19 disruptions.  Our findings support this point of view and go beyond by demonstrating that predictive analytics not only facilitate adaptability, but also enhance quantifiable resilience outcomes like recovery time and fulfillment of orders.  In the same way, Chopra (2020) suggested the inclusion of digital technologies into supply chain management.  Whereas Chopra emphasized that digitization has strategic potential, this paper presents empirical data on the fact that machine learning models, especially the Random Forest, bring important benefits to predictive accuracy and operational performance in the cases of U.S. manufacturing information.

B. Their Rationale as to why Results are not the same as Past Work:

There are a number of reasons why the findings in this study are different than the past.  To begin with, the majority of resilience studies have used global or European data, usually in the automotive or electronic supply chain.  In comparison, this paper specializes in the U.S. manufacturing, which is a poorly studied but strategically important background.  Second, previous studies were mostly inclined to assess AI tools separately or as technical prediction methods.  In this case, predictive analytics will be a part of a resilience measurement system, which will directly correlate the performance of a model to the results of a supply chain.  This method shows higher level of empirical impacts since it links technological capability and managerial relevance.

C. Contribution to Theory: Predictive Resilience Framework:

One of the major aspects of this work is the outlining of a Predictive Resilience Framework approach that combines business intelligence, artificial intelligence, and measurable resilience indices.  This framework highlights three connections, including: (1) the visibility and data integration through BI leads to better predictive capabilities; (2) predictive capabilities through AI offers can be evaluated through resilience metrics, including forecast accuracy, recovery time, and order fulfillment; (3) measurable evidence of impact is provided by resilience metrics.  The framework links the descriptive, predictive, and outcome-based factors to bring the resilience theory to a more empirical and action-driven model, as opposed to the rather conceptual foundation.

D. Managerial Implications:

To U.S. manufacturing managers, the findings indicate the need to go beyond the outdated risk management strategies, which are based on supplier assurances or on past averages.  Analytics that are predictive presents a realistic approach of understanding vulnerabilities at an earlier stage and reacting.  The example of semiconductor shortage shows that implementing machine learning tools would have required months of warning to make changes to stocking and find alternative sources.  Maintaining an accurate forecast, continuity of services, and financial performance can become better even in uncertain conditions when managers integrate AI in the decision-making process.

E. Policy Implications:

The policy level findings are consistent with the U.S. government efforts to enhance domestic resilience in supply chains of strategic sectors, including semiconductors, pharmaceuticals and advanced manufacturing.  This study can confirm that deciding to invest in digital infrastructure, personnel training, and AI adoption incentives should be the responsibility of the government by proving that predictive analytics enhance resilience results in quantifiable ways.  These insights can also be used by policymakers to strategically reshape policies aimed at not only reshoring or redundancy but also achievement of advanced analytics as a strategic resilience skill.
VII. CONCLUSION
This paper reveals that artificial intelligence and predictive analytics can make supply chains more resilient in the U.S. manufacturing industry.  Using predictive analytics to lower forecasting error, enhance order fulfillment, and quicken recovery time, the work demonstrated that predictive analytics using ARIMA, Prophet, and Random Forest models on sectoral data are more effective than conventional methods.  The semiconductor shortage case study also demonstrates the usefulness of AI-based tools in helping to detect the risks sooner and provide proactive action.

There are three contributions of this paper.  First, it offers empirical data in the context of the U.S., which fills the gap in the resilience literature that has frequently focused on European and Asian supply chains.  Second, it enhances the operationalization of resilience through four indicators, accuracy of the forecast, stockout likelihood, recovery time and fulfilment of orders, which relate the performance of the predictive model directly to resilience results.  Third, it suggests a Predictive Resilience Framework that combines business intelligence adoption, AI analytics, and resilience metrics, provides the connection between conceptual theory and managerial practice.

This research has limitations just like any other study. The number of respondents to the surveys was small, and analysis partially used secondary and publicly available data.  These options guaranteed transparency and replicability but might not be ideal in keeping the heterogeneity in firms and proprietary practices.

This work should be expanded in a number of directions in future research.  The resilience strategies during cross-border settings where the interdependencies are even more complicated could be evaluated in cross-border supply chain studies.  The hybrid AI models with statistical forecasting and machine learning might be evaluated in terms of further performance improvements.   Lastly, sector specific research- such as in pharmaceuticals, textiles, or aerospace- would offer industry specific information on resilience strategies to industries that are critical to the U.S. economic competitiveness and security.
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