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Abstract - Over recent years, natural disasters, the COVID-19 pandemic, and geopolitical tensions have highlighted 

vulnerabilities within global supply chains. Breakdowns in production, logistics, and distribution have highlighted a need for 

resilience the ability to prepare for, respond to, and recover from disruptions. Artificial Intelligence (AI) and data science offer 

one pathway to resilience, helping to improve demand forecasts, optimize inventory policies, manage supplier and customer 

ecosystems, predict events, and provide asset and risk intelligence. Nevertheless, despite partnering to deliver the next 

generation of ground-breaking intelligent systems, traditional AI techniques cannot learn nothing without data. Supply chains 

can be considered Big Data Ecosystems, as vast quantities of internal and external data are sourced from multiple systems and 

tiers, and flow in all directions. By extending big data concepts with empirical research, evidence is provided to support the 

development of a modern architecture and testable theoretical framework for AI-augmented data analytics. It argues that 

without addressing fundamental data issues, the application of cutting-edge AI techniques will be limited in scale and impact, 

concentrated on the forecasting and synthetic production approach, rather than everything that resembled production 

problems through the Supply Chain Management (SCM) area. Furthermore, only a small part of the potential value creation 

hidden within big data will finally be realized. An assessment of industry case studies and empirical applications illustrated 

that the framework can be deployed across multiple sectors. However, in order to be successfully implemented, it must be 

properly completed by the supporting data infrastructure. 

 

Keywords - Artificial Intelligence, Big Data, Data Analytics, Data Architecture, Demand Forecasting, Inventory Optimization, 

Supply Chain Resilience. 

 

1. Introduction 
Big data has become ubiquitous in supply chains; however, the increasing availability and complexity of these data 

remains challenging for organizations hoping to leverage this resource. This chapter identifies key areas where data are 

available in sufficient volume to apply cutting-edge Advanced Analytics methods; proposes a logical architecture for data 

collection, integration and cleansing; reviews supply chain-specific AI augmentation methods, particularly in the AIAG 

position paper ―Big AI for Supply Chain‖; and discusses real-world implementations in supply chains spanning manufacturing, 

transportation and retailing. 

 

The objective is to shed light on how AI-augmented analytics based on sufficiently large and high-quality datasets can 

drive smart supply chain resilience in various applications. Supply chain processes generate and consume huge volumes of 

diverse data; individual organizations can leverage data from healthy supply chain partners and from other sectors using 

methods that include data co-opetition. Such data-rich environments support Data Science and Advanced Analytics beyond 

traditional descriptive and diagnostic models into robust Predictive, Prescriptive and Preventive categories.  

 

Specific domains considered include forecast demand accuracy, inventory optimization, asset maintenance and incident 

risk detection. Empirical evidence for these constructs is drawn from applications in diverse industries, including automotive, 

base metals, broadband telecoms, consumer electronics, food and beverage, pharmaceuticals, rail transport, and retail, covering 

the resilience-related capabilities of networked intelligence, data ecosystem augmentation, and data-governance mechanisms. 
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Figure 1. Big Data and Artificial Intelligence Technology on Supply Chain Management 

 

1.1. Background and Significance  

Supply chain resilience is a priority in organisations worldwide, yet the associated capabilities remain poorly understood. 

Supply chains are complex adaptive systems that respond to external demand shocks and internal disruptions. Resilience 

emerges from autonomic networked intelligence, which requires a new generation of AI-augmented data analytics capable of 

harnessing both structured and unstructured big data. Data ecosystems must be architected for modelling and forecast accuracy, 

with a focus on data collection, quality, integration, and governance. Synthetic data generation supplements historical data for 

analytical task categories with scant historical records but with demand in data-hungry machine learning-based models. 

 

AI techniques play a vital role in predictive demand-intelligent supply processes. Time series and forecasting models 

support inventory replenishment, while anomaly detection and event-forecasting models enable event-driven inventory-filling 

processes. Networked intelligence ensures responsiveness by integrating predictive maintenance and asset-intelligence models, 

a risk-assessment model that quantifies exposure to internal disruption risk, and a disruption-propagation model that highlights 

propagation paths.  

 

Equation 1: ARMA → ARIMA → SARIMA (Seasonal ARIMA) for demand forecasting 

Let   be the (stationary) demand series and   white noise. 

AR(p): 

                        

 

MA(q): 

                        

 

ARMA(p,q): 

     ∑  

 

   

        ∑  

 

   

     

 

Using the backshift operator         : 

 AR polynomial:                 
  

 MA polynomial:                 
  

 

Then: 

                  

 

1.2. Research design  

A simple design thinking framework guides the research exploration, analysis, and synthesis. Three underlying questions 

guide the research: how can big data ecosystems be articulated at an inter-organizational scale and for a supply chain?; which 

artificial intelligence (AI) techniques are of interest and integrate well with big data architecture?; and how can real-time data 

architecture be established for AI-augmented supply chain analytics?. These questions are examined in three interrelated 

sections. The first identifies possible ecosystem partners and the type of data willing to be shared across partners participating 

in ecosystem design. The second explores a survey of a wide spectrum of AI techniques and possible applications. The third 

analyzes data collection, augmentation, integration, and quality concerns, as well as data governance. 
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The need for resilient supply chains based on agile capabilities and networked intelligence for predictive journey 

management was observed in the wake of the COVID-19 pandemic, as was the limitation of presently available real-time 

predictive/data-driven analytics. Resilience can be enhanced, for example, through AI-based predictive maintenance and 

manufacturer asset intelligence using real-time operating data, resource parameters, and machine criticality information. 

Augmented intelligence for real-time risk assessment and disruption propagation can enable timely executive reporting and 

preparation. A recent exploratory study of data-driven analytics in five industry sectors automotive, consumer, food, pharma, 

and retail revealed the applicability of such highly predictive and smart capabilities across domains. 

 

2. Theoretical Foundations of AI-Driven Big Data Analytics 
Supply chains are increasingly reliant on artificial intelligence (AI) techniques for augmented big data analytics. The areas 

of big data ecosystems in supply chain analytics and artificial intelligence methods for AI-augmented analytics processes are 

described. First, the characteristics of big data ecosystems and their specific requirements for supply chain big data analytics 

are considered. AI techniques for different types of big data and for different phases of the analytics process cycle that research 

can enhance are then presented: supervised and unsupervised machine learning methods, Bayesian-based approaches, deep 

learning, natural language processing, business intelligence methods, and tools for collaborative and data-driven decision 

making. 

 

The explosion of new data sources has enabled applying large-scale data-driven approaches to many problems. The 

emerging predictive category of analytics covers a range of specific applications such as demand forecasting and inventory 

optimization, anomaly detection and event forecasting, asset intelligence and predictive maintenance, risk assessment and 

disruption propagation in networks, and information-based risk reduction. Despite the increasing availability of advanced and 

even automated AI techniques, research efforts remain vital for the smarter application of big data and AI methods in various 

sectors and industries. Developing appropriate architecture for AI-augmented big data analytics to improve supply chain 

resilience is therefore crucial, and the focus here is on big data ecosystems and AI techniques. 

  

Equation 2: Add seasonality → SARIMA(p,d,q)(P,D,Q)   

For seasonal period  (e.g.,    daily-weekly,     monthly-yearly), seasonal differencing: 

                      
 

Seasonal order  : 

  
              

 

Seasonal AR and MA polynomials: 

           
          

           
          

 

Combine everything: 

                                           

 

2.1. Big Data Ecosystems in Supply Chains  

Big data has the potential to radically alter the efficiency and effectiveness that manufacturers achieve in their supply 

chain operations. Data collected from a multitude of modern day sensors can provide a level of visibility that allows for 

predictive analytics, adjustment and reconfiguration on the fly, and greater overall agility. However, to derive the full benefit 

from this data, it is vital for organizations to adopt a big-data ecosystem approach to the way they gather, analyze, and utilize 

data throughout their supply chains. This extends the well-known big-data-model inside-out view gather data, analyze it, and 

act into a more holistic ecosystem perspective that acknowledges the need to collect quality data from multiple sources, create 

a trusted reliable platform for analytics, govern data quality at source, and develop a cross-organizational culture of data 

sharing and support. When this broader ecosystem big-data approach is followed, the capability of manufacturers to deliver 

resilient supply chains increases significantly, respond more rapidly to customer demands, identify disruptive events sooner, 

better protect enterprise assets, and respond effectively to disruption events when they are unavoidable. 

 

Big-data-model developments within supply chains have produced a plethora of analytics applications that stretch 

predictive capabilities to new levels. However, what is often overlooked is the supply chain ecosystem underpinning the 

creation and support of these applications. Without this larger ecosystem perspective to go along with the individual use-case 

analytics, the analysis may deliver sub-optimal outcomes and analyses may simply not work. Indeed, the adoption of a big-

data-ecosystem approach vastly increases an enterprise's potential to deliver grounded resilience and flexibility to its supply 

chains. 
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Figure 2. Supply Chain Ecosystem Framework 

 

2.2. Artificial Intelligence Techniques for Analytics  

Artificial Intelligence (AI) encompasses a range of techniques that simulate human-like behavior, enabling computers to 

engage in cognition, reasoning, and learning. In the context of big data analytics, techniques such as supervised and 

unsupervised machine learning (ML), deep learning, natural language processing (NLP), and neural networks are widely used. 

Numerous frameworks support the implementation of AI methods, including MLStudio, Cloud AutoML, IBM Watson ML, 

TensorFlow, and Scikit-learn. 

 

ML techniques, particularly supervised learning methods such as classification and regression, are often employed with 

historical data sets for forecasting demand, predicting inventory levels, and detecting anomalies in various supply chain 

components. Although anomaly detection and time-series models such as vector autoregressive and seasonal autoregressive 

integrated moving average models are standard forecasting approaches, they rarely consider any covariates. Unsupervised ML 

is also instrumental in extracting hidden patterns from data. Popular clustering techniques, such as k-means, hierarchical 

clustering, Gaussian mixture models, and clustering-based local outlier detection, have undergone successful application in 

predictive maintenance, fraud detection, and failure prediction. 

 

3. Data Architecture for AI-Augmented Analytics 
Analytics provide an information-adaptive response to environments characterized by uncertainty, ambiguity, and 

complexity. Yet analytics cannot be applied indiscriminately in all situations, as each technique addresses a specific kind of 

question. A four-level analytics framework groups techniques according to the complexity of the questions posed and the set of 

potential solutions. Business intelligence and descriptive analytics address the question "What was?" through data aggregation, 

reporting, and descriptive statistics; these require the lowest level of analytical skill. The next two levels predictive analytics 

and prescriptive analytics examine questions of increasing complexity, respectively answering the questions "What might 

happen?" and "What should I do?" through predictive modeling and optimization and simulation. As such, they require 

increasing levels of analytical skill. The final level, natural language processing and generation, considers how information can 

be most effectively consumed by people and how information and insights derived from information can, in turn, be most 

effectively used by machines. 

 

A four-level analytics framework groups techniques according to the complexity of the questions posed and the set of 

potential solutions. Business intelligence and descriptive analytics address the question "What was?" through data aggregation, 

reporting, and descriptive statistics; these require the lowest level of analytical skill. The next two levels predictive analytics 

and prescriptive analytics examine questions of increasing complexity, respectively answering the questions "What might 

happen?" and "What should I do?" through predictive modeling and optimization and simulation. As such, they require 

increasing levels of analytical skill. The final level, natural language processing and generation, considers how information can 

be most effectively consumed by people and how information and insights derived from information can, in turn, be most 

effectively used by machines. 
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Figure 3. AI-Powered Evolution of Big Data 

 

3.1. Data Collection and Integration  

The large volume, variety, and velocity of data in supply chains create challenges for effective use in analytics. A typical 

solution is the implementation of data lakes and warehouses. However, simply implementing these technologies does not 

guarantee success. The foundation of any database for analytics, whether centralized or federated, is a robust data collection 

and integration strategy. 

 

Supply chains operate across a conglomerate of connected businesses and hence have to access both internal company data 

as well as external data from partners. Data needs to be collected not just from involved partners but from external systems as 

well. Geo-tagged social media feeds, weather forecast APIs, sensor data from crowd-sourced networks, and phone transaction 

data, for example, can all serve as leading indicators of a changing business ecology. These data feeds are typically 

unstructured, vary quickly, and exist in high volume; hence it is essential to implement automated ETL pipelines to support the 

analytics. A separate layer for event processing and business activity monitoring, often called a ―complex event processing‖ 

(CEP) layer, can be placed on top of the ETL layer to derive aggregate insights that have short life spans. The outputs of the 

event processing can then be injected into the analytics model stash for discovery and testing. To avoid data silos, Open Source 

API management engines can be deployed to easily expose data and metadata for use by the rest of the ecosystem, provided 

appropriate access controls are implemented. 

 

Equation 3: VAR (Vector Autoregression) for multivariate supply chain signals 

Let      be a vector (e.g., demand, price, promo flag, weather index). 

Step 1 — Define VAR(p) 

                               

 

Where   are    coefficient matrices. 

Step 2 — Stack it as a linear regression (so we can estimate it) 

Create the regressor vector: 

   [

 
    

 
    

]             

 

Where                 . 

Collect  observations: 

                      
 (dimension        ) 

                      
 (dimension             ) 

Then: 

        
 

Step 3 — OLS estimator (minimizes squared error) 

We choose  to minimize         
 . The solution is: 

 ̂             
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3.2. Data Quality and Governance    

Data governance relates to the management of policies and procedures that ensure an organization’s data in its various 

forms can be trusted and that it is fit for its intended uses in operations, decision-making, and planning. Data quality refers to 

the monitoring of data to ensure it is of high quality to facilitate design and implementation of data-intensive applications. Each 

can have its own policies and procedures as it relates to IT outsourcing services data quality relates to the quality and usability 

of raw data, while governance deals specifically with outsourcing policies. A large international services company maintained 

that data governance is the responsibility of the business personnel or line of business while data quality is a responsibility of 

the IT personnel who manage the data. 

 

Within the Supply Chain Operations Reference (SCOR) framework, a data quality metric compares the value of the items 

sold to the total value of the items in stock at any time. Another placed data quality as the sixth driver of logistics network 

performance and proposed that the loss of value caused by incomplete or inconsistent information should be quantified and 

incorporated into the evaluation of logistic network performance. However, while data quality issues remain a problem, their 

effect is difficult to quantify. Only a few studies have used a data quality measure as a variable in an empirical examination the 

measures employed being accuracy, completeness, reliability, and timeliness. 

 

4. AI Methods for Demand Forecasting and Inventory Optimization 
AI methods for demand forecasting and inventory optimization encompass time series and forecasting models, and 

anomaly detection and event forecasting models in the inventory and supply network layers of a supply chain. Time series 

models typical in demand forecasting implementations are extended with the ability to work with different data granularity 

levels, to use either an explicit or implicit hierarchical structure, and to include external effects. Important external factors for 

demand forecasting are weather and economic indicators. Quality of forecasting models might be insufficient for reducing 

safety stock levels, especially at lower levels of product hierarchy. In that case, levels of safety stock are optimized based on a 

risk perspective rather than user-selected levels. The inventory layer considers mostly temporal dependencies and for the risk 

perspective also risk factors for specific stock-keeping units. 

 

The risk of unsatisfied demand is quantitatively assessed under different sales unit and inventory configurations. Stock-

and-sampling approaches enable the discussion of continuous demand without the necessity of simulating all sales. Inventory 

optimization models covering different restocking approaches and addressing a high-dimensional risk perspective are based on 

multi-stage Gaussian approximation. Simulation of the supply network incorporates stock-andsampling aspects at the retail 

level and interdependencies in demand. A procedure for reducing the supply network simulation model is presented. 

 

 
Figure 4. AI in Demand Forecasting Across Supply Chain 

 

4.1. Time Series and Forecasting Models 

Given the ability to process large amounts of internal and external data in near real-time, a variety of AI methods can be 

deployed in conjunction with other data sources and analytical techniques to predict demand and optimize inventory. The 

demand patterns over time for products and parts are critical inputs for supply chain operations. Time series data are typically 

the primary source for short-term predictions; they can also be used to produce medium- and long-range forecasts. AI offers a 

wealth of options to improve demand planning, with machine learning models often used for capturing evolving patterns. 

However, demand changes are not merely due to variations in historical demand. In reality, the demand signals observed at a 

system-level can be distorted by suppliers’ expected stocking behaviour or competitors’ incentives, while additional 

information from weather forecasts, events and calendars should help address these influences. Event study methods can detect 

and filter out the distortions to derive cleaner demand signals, with the corrected signals providing a better basis for short-term 

operational planning. 
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Apart from demand, inventory management constitutes a critical aspect of supply chain operations, whether in a central 

warehouse or in-store. When considering the number of items in a distribution centre, the ownership and other storage costs 

become significant. The exponential growth in part numbers further complicates the decision row, limiting the ability to use 

standard methods to optimize inventory. There is therefore an increasing demand for intelligent methods that can quickly 

classify the entire stock portfolio using a small number of attributes. Methods based on fuzzy clustering have proven to be an 

effective approach for classification, and they can be combined with accurate replenishment level generators or periodic review 

policies to determine costs and service levels. 

 

Equation 4: Safety stock + reorder point (risk of unsatisfied demand) 

Step 1 — Lead-time demand distribution 

Lead-time demand: 

   ∑  

 

   

 

 

If   are i.i.d with mean  and std dev  : 

                         √  
 

Step 2 — Choose a service level → translate to a z-value 

Let the cycle service level be: 

    no stockout during lead time          
 

Assume   approximately Normal: 

          
   

 

Then: 

   (
     

  

 
    

  

)   (
    

  

) 

 

So: 
    

  

              

 

Step 3 — Safety stock 

                √  

 

4.2. Anomaly Detection and Event Forecasting    

Machine learning models can identify unusual patterns in first-party operational risk data and flag these events as outliers 

for further investigation. Suppliers can perform detailed network analytics to assess risk exposures along with the likely impact 

of specific events and hazards on the future performance of their supply chains. Other types of AI techniques are necessary to 

identify abnormal operating modes, anomalies, trends in business performance, or operational risk indicators. ML classification 

models are often used to detect deviation from normal development patterns, by relying on historical experiences. External 

data sources such as social media, news agencies, governmental institutions, or the stock exchange can provide signals on 

unacceptable deviation occurring at the suppliers. 

 

AI-based analytics can be used to detect pointers pointing to a possible need for attention. Event prediction concerns 

detection of imminent incidents such as fraud, equipment failure, power outages, or environment-related disruptions (natural 

disasters, riots, supply and express interest). AI techniques can also forecast future events such as industrial accidents and other 

disruptive events by mining publicly available/accessible data sources such as news or social media. These event forecasting 

models provide intelligence support for preventive action prior to the occurrence of serious incidents, thus improving resilience 

by lowering the probability of major distribution. Resilience developments may also include the creation of shock sensation 

systems and event/accident monitoring. Resilience developments may also involve a decision support system for the 

management of logistics in case of extreme point involving hazard. 

 

5. Networked Intelligence for Supply Chain Resilience 
Survival in a turbulent environment requires resilience the capacity to prepare for, respond to, and recover from shocks. 

AI-augmented data analytics can be applied to identify foreseen supply chain risks, build predictive maintenance models for 

supply assets, and assess the consequences of unforeseen disruption events. Companies embed predictive maintenance 

capability within their supply assets to minimize costly breakdowns and extend asset lifespan. They strengthen supply chain 
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resilience by using AI to proactively assess risks and predict the propagation of disruption events. A semantically rich 

knowledge framework supports resilience analytics by enabling timely aptitude recognition and anomaly diagnosis. 

 

Predictive maintenance employs redundancy-averse AI techniques on time-series data obtained from monitoring sensors. 

Research has shown that unexpected failure events can occur even if the predictive maintenance model displays no accuracy 

degradation. Such accuracy is related to data quality, and systems need to detect model performance degradation for self-

rectification. Asset-intelligence models, therefore, incorporate a measure of model efficacy to trigger additional data collection 

and protect accuracy. Alerts signal deterioration in the functioning of a monitored asset, empowering decision-makers to take 

remedial action before actual failure. 

 

Equation 5: GRU + attention for disruption / event prediction from news sentiment 

Let   be the sentiment-feature vector at time  . 

Step 1 — GRU gates 

Update gate: 

                     
 

Reset gate: 

                     
 

Step 2 — Candidate hidden state 

 ̃                             
 

Step 3 — Hidden state update (core GRU equation) 

                   ̃  
 

Step 4 — Attention over a window of hidden states 

For a window        , compute scores: 

                    
 

Normalize: 

   
        

∑      
 

   
   

 

 

Context vector: 

  ∑  

 

   

   

 

Prediction (e.g., disruption probability): 

 ̂            

 

5.1. Predictive Maintenance and Asset Intelligence  

Asset maintenance contributes to supply chain resilience. Disruptions from unplanned asset outages can propagate 

throughout supply networks; in response, OEMs can offer warranty-based and pay-per-use service contracts supported by 

predictive-maintenance capabilities. Nevertheless, OEMs need not be the sole providers of predictive-maintenance services—

other supply chain stakeholders, such as 3PLs, can also provide such services. Predictive-maintenance-intelligence ecosystems 

comprise relevant data sources, analytical capabilities, knowledge and insights used to offer services through predictive 

maintenance. These ecosystems utilize automating-algo- and forecasting-algo capabilities to collect digital signals reflecting 

asset condition, predict remaining useful life, and forecast likely outages. The assets can then be adjusted for proactive 

intervention during a prespecified time period. 

 

These capabilities are increasingly based on AI-enabled computing. For example, the forecasting-algo pool collects source 

information may use semi-supervised learning to predict a scheduling order for a candidate time bucket, assign tasks to the 

available workstations, and forecast the required time duration for each task. By prompting the execution of maintenance tasks 

in the right locations, at the right times, and of the proper nature, the likelihood of unplanned outages is reduced, improving 

customer service, lowering costs, and increasing supply chain resilience. Conclusively, predictive-maintenance methodologies 

are flourishing; an increasing number of companies are investing in predictive-maintenance solutions and attaining tangible 

results. 
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5.2. Risk Assessment and Disruption Propagation  

Disruptions to supply chains have increased in recent years, often spanning multiple tiers. Potential sources of disruption 

may be identified by analyzing historical event data (e.g., natural disasters, labor crises, and terrorism), thus enabling 

development of a corresponding risk map. Propagation of disruptions may then be assessed based a topology of the supplier 

network together with heuristics for measuring vulnerability and defining triggering thresholds. Causal relationships between 

different parts of the network, as inferred from past data, can also guide the deployment of limited mitigation resources for 

maximum risk mitigation. A case study involving the automotive industry assesses the real impact of selected disasters on 

manufacturers in Japan and the U.S. Empirical analyses confirm that sensitivity of automobile production in North America to 

disasters occurring in Japan is significantly greater than sensitivity to disasters occurring locally. 

 

 
Figure 5. Comparative Analysis of MTTR Reduction Using AI-Driven Knowledge Management Systems 

 

6. Case Studies and Empirical Evidence 
AI-augmented big data analytics have been applied in an increasing number of supply chain settings. Grounded 

investigations have assessed the risk-benefit profiles of AI-enhanced approaches, while comparative studies have revealed 

distinctive within- and cross-industry features. Several of the most informative cases are examined before discussing 

discernible trends. 

 

The detection of faulty components in Korean National Railways' trains illustrates the dividends of using AI tools to 

harness vast, multimodal datasets. Natural language processing (NLP) models trained on logistics manuals and Wikipedia 

entries extracted knowledge about part function and failure modes to improve anomaly detection rates. A popularity-weighted 

centroid algorithm correlated with asset utilization across time-dependent cohorts identified which components to monitor 

closely. Applying these methods to condition-monitoring indicators enhanced risk prediction accuracy by more than 50% and 

exceeded traditional machine-learning models when adversarial attacks were simulated. 

 

Last-mile delivery in e-commerce illustrates two facets of potential AI-enhanced analysis. First, an agent-based simulation 

optimizing delivery dates and service levels during peak periods indicated that cross-buying within delivery windows can 

reduce costs for customers and providers. Second, a study of a major Chinese e-commerce group employed sentiment analysis 

to elevate delivery service quality: 333 million reviews compatible with semantic word vectors were analyzed by deep learning 

and NLP. The findings revealed how to balance low prices and high service quality, and the major shortcoming of performance 

in lower-tier cities. 

 

6.1. Industry Applications and Outcomes  

Enterprise supply chains are rich in historical data and embrace a wide variety of AI techniques to boost their analytical 

capabilities and improve operation efficiency. A survey of case studies, applications, and industry publications on AI methods 

leveraged on big data in supply chains reveals that much tested work focuses on demand forecasting, product selection, 

customer profiling, warehouse-space optimization, risk-assessment, robotics, predictive maintenance, asset intelligence, 

anomaly detection, disruption propagation, and generation of synthetic data. Supported by the literature, these themes are 

synthesized by their respective role within the supply chain lifecycle and the underlying techniques adopted. 

 

Demand forecasting requires fusion of time series and forecasting methods across all levels and products. Accurate 

forecasting also supports space optimization within warehouses, particularly for bulk products and perishables, as well as 

product selection. Customer profiling, often combined with sentiment analysis of social media, enables more granular demand 

forecasting. Enhancing logistics operations has also been a frequent application, especially for last-mile delivery, although very 
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few report concrete savings. The ability to detect anomalous patterns has similarly been leveraged for logistics operations, 

electrical consumption, fraud detection, and retail customer behavior. 

 

 
Figure 6. Precision–Recall Performance Curve of the RAG-Based Retrieval System 

 

6.2. Comparative Analyses across Sectors      

A comparative analysis of food and pharmaceutical supply chains during the COVID-19 pandemic highlights differing 

resilience challenges. Interviews with decision-makers, augmented by publicly available data, underscore the pivotal role of 

digitalization, data governance, and advanced simulation capabilities. Yet many interviewed companies lack adequate 

predictive modelling tools and methods, hindering their ability to foresee the pandemic’s trajectory and devise effective 

mitigation actions through timely intervention. 

 

The COVID-19 pandemic has dramatically challenged the interlinked food and pharmaceutical supply chains. An in-depth 

analysis of two key sectors reveals important differences in facing the shock, from the operational level (while food supply 

maintained flows according to demand, the pharmaceutical sector was forced to cope with shortages) to the resiliency level 

(attributing the primary importance in one case to business-related e-government portals and in the other to vaccine-related 

applications). By integrating qualitative information from interviews of food and pharmaceutical sectorsupply-chain managers 

with the quantitative assessment of publicly available data (ECDC, Eurostat, OECD, WHO), the study sheds new light on 

resiliency within and between sectors, at different supply-chain levels and dimensions and during the peak shock period and 

recovery. Supporting details clearly establish that digitalization supports resiliency across many dimensions. 

 

7. Conclusions 
Big Data and AI-enhanced technology have grown rapidly in recent years, with significant investments in their strategic 

application. The available topline information is promising, but concerns remain regarding the successful, operational data 

centres. Research has shown that making sense of the available raw data is challenging. Often, information flows exist but do 

not contribute to the right levels of operational performance through timely and useful analyses. Despite investments made in 

recent years, management and the supply chain certainly remain sceptical of AI-driven analytics for decision-making 

processes. 

 

Research shows that recent changes in customer behaviours have been detected earlier than imposed or predicted in real 

environments and are now established as the ―standard‖ behaviour and preference of end-customers. However, according to 

experts from the Information Systems Architecture Intelligence Research Group, the future capabilities of data centres and 

private-cloud environments should be integrated with an ever-present need to make intelligent decisions. AI (data-driven) and 

Smart Data (knowledge-driven) methods supported by technology should be part of operations and customer-supported 

services, with most reactions to changes driven by machine learning or reinforcement. AI-driven techniques must help decision 

makers make better decisions at a human speed, while tools remain crucial for the preparation of input data and the 

visualisation of results. 

 

Therefore, companies need to build asset intelligence for more proactive prediction of maintenance demands, whether that 

be anticipating the failure of production machines, key suppliers or supply chain assets or the need to deploy skilled 

maintenance workers. Furthermore, more granular capability for predicting the location and nature of supply chain disruptions 

is essential in crisis-preparedness mode. Quantifying and predictive disaster propagation in supply chains is also becoming 

crucial to understanding the risk to critical products. 

 

 

 



Madhu Sathiri / IJETCSIT, 4(2), 199-211, 2023 

209 

Table 2: Four-level analytics framework 

Level Question answered Typical methods (examples) 

Descriptive / BI ―What was?‖ Reporting, dashboards, descriptive statistics 

Predictive ―What might happen?‖ Forecasting (SARIMA/VAR), ML, anomaly detection 

Prescriptive ―What should I do?‖ Optimization, simulation 

NLP / NLG ―How to consume/produce info?‖ Text mining, sentiment, summarization 

 

7.1. Emerging Trends   

Although the strategic importance and potential benefits of AI-driven analytics for supply chain operations have been 

discussed considerably, research on their adoption remains limited. The latest management trends, reflecting increasing levels 

of ambidexterity among the leading firms, indicate that many of them are no longer focusing predominantly on efficiency-

oriented cost-cutting initiatives but actively anticipate novel business opportunities presented by changing market conditions, 

including climate change, natural disaster disruption, resumption of trade, increased geopolitical tensions, changing Chinese 

demand patterns, transformation of lifestyles, product design or production technology, etc. Understandably, these changing 

market conditions create a need for putting more intelligent capability for high-quality innovative supply chain operations or 

investments behind the management of networks, supported by more networked intelligence for resilience and sustainability. 

The strategic responsiveness focus has, however, created renewed interest in the resensing of customers' demand pattern 

changes as well as sales and operations planning processes. 

 

The latest business press highlighting the difficulties faced by major corporations during the pandemic has also drawn 

attention to factors beyond demand-risk management. Supply chain resilience pipelines are also being impacted by factors 

occurring upstream in the supply chains of key suppliers, where issues such as managing the COVID-impacted productive and 

supply processes of major semiconductor manufacturers and the associated shortage of microchips for the automobile industry 

are good examples.  
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