
2026, Vol 3 Issue 1 | 37 

International Journal of 

                         Advanced Computer Science Engineering and Artificial Intelligence 
Peer Reviewed, Referred & Indexed Journal 

                                         ISSN: 3143-438X                                             www.ijacseai.com                                                 Original Research Paper 

Received: 08-02-2026 | Accepted: 08-03-2026 | Published: 15-03-2026 

EXPLAINABLE ARTIFICIAL INTELLIGENCE FOR SUPPLY 

CHAIN DISRUPTION PREDICTION IN ENTERPRISE 

SYSTEMS 
Davide Giuliani 

Independent Researcher

Abstract 

Supply chain disruptions caused by supplier 

failures, transportation delays, natural disasters, 

geopolitical conflicts, and fluctuating customer 

demand significantly affect enterprise 

operations and organizational performance. 

Enterprise Resource Planning (ERP) systems 

continuously generate operational information 

related to procurement, production, inventory, 

logistics, warehouse management, finance, and 

customer transactions; however, conventional 

predictive systems often operate as black-box 

models that provide limited transparency for 

enterprise decision-makers. Explainable 

Artificial Intelligence (XAI) addresses this 

limitation by generating interpretable 

predictions while providing understandable 

explanations for disruption risks and 

recommended mitigation strategies. This paper 

proposes an Explainable Artificial Intelligence 

framework for supply chain disruption 

prediction in enterprise systems by integrating 

machine learning, ERP analytics, cloud 

computing, Internet of Things (IoT), business 

intelligence, and explainable predictive models. 

The proposed framework continuously 

analyzes enterprise operational information, 

predicts potential supply chain disruptions, 

explains prediction outcomes, and supports 

intelligent decision-making through transparent 

analytical reasoning. Experimental evaluation 

demonstrates improved disruption prediction 

accuracy, enterprise trust, procurement 

planning, inventory resilience, logistics 

coordination, and operational decision-making 

compared with conventional black-box 

analytical approaches. 
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1. Introduction 

Explainable Artificial Intelligence (XAI) has 

become an essential advancement in enterprise 

analytics by enabling organizations to combine 

predictive intelligence with transparent and 

interpretable decision-making. Modern supply 

chain networks involve highly interconnected 

procurement, manufacturing, warehousing, 

logistics, inventory management, finance, and 

customer service operations where disruptions 

can rapidly propagate across multiple business 

functions. Enterprise Resource Planning (ERP) 

systems continuously generate extensive 

operational information from these activities; 

however, traditional analytical tools primarily 

support historical reporting rather than 

proactive disruption forecasting. Although 

advanced machine learning models improve 

predictive performance, many operate as 

opaque black-box systems whose 

recommendations are difficult for managers to 

interpret. Consequently, enterprises 

increasingly require explainable analytical 

frameworks that provide both accurate 

disruption predictions and understandable 

reasoning behind every decision [1], [2]. 

Supply chain disruptions have become 

increasingly frequent due to supplier failures, 

transportation bottlenecks, geopolitical 

instability, cyberattacks, fluctuating customer 

demand, natural disasters, and global economic 

uncertainty. These disruptions often affect 

procurement schedules, production continuity, 

warehouse operations, inventory availability, 

logistics coordination, and customer 
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satisfaction simultaneously. Conventional 

enterprise planning methods generally identify 

operational problems only after they have 

already impacted business performance, 

limiting organizational responsiveness. 

Explainable Artificial Intelligence addresses 

this challenge by continuously evaluating 

enterprise operational information while clearly 

identifying the key factors contributing to 

predicted disruption risks. Such transparency 

enables managers to implement preventive 

mitigation strategies with greater confidence 

and accountability [3], [4]. 

Rapid advancements in cloud computing, 

Internet of Things (IoT), predictive analytics, 

and enterprise business intelligence have 

significantly expanded the capabilities of 

explainable predictive systems. Connected 

sensors deployed across manufacturing 

facilities, warehouses, transportation fleets, 

supplier locations, and distribution centers 

continuously generate operational information 

regarding shipment status, inventory 

movement, production activities, warehouse 

occupancy, and logistics performance. Cloud-

native infrastructures efficiently process 

enterprise-scale datasets, while ERP systems 

integrate these diverse operational records into 

centralized business platforms. Combining 

these technologies with explainable machine 

learning enables organizations to develop 

intelligent disruption prediction systems 

capable of continuously monitoring enterprise 

operations while providing transparent 

analytical explanations [5], [6]. 

Another important development involves the 

integration of explainability techniques directly 

into predictive enterprise decision-support 

systems. Modern XAI methods identify the 

contribution of procurement activities, supplier 

reliability, inventory conditions, transportation 

performance, production schedules, financial 

indicators, and customer demand toward each 

predicted disruption. Rather than presenting 

prediction results alone, explainable models 

provide meaningful insights regarding the 

operational relationships responsible for 

elevated disruption risks. Such analytical 

transparency improves managerial trust, 

facilitates regulatory compliance, supports 

collaborative enterprise planning, and 

strengthens organizational acceptance of 

Artificial Intelligence-assisted decision-making 

[7], [8]. 

As organizations continue adopting Artificial 

Intelligence across critical business operations, 

explainability has become equally important as 

predictive accuracy. Enterprise executives, 

procurement managers, warehouse 

administrators, logistics coordinators, 

production planners, and financial analysts 

increasingly require analytical systems capable 

of justifying predictive recommendations 

before implementing operational decisions. 

Continuous learning enables explainable 

predictive models to refine both forecasting 

performance and explanation quality using 

newly generated ERP transactions and 

operational information. This adaptive 

intelligence significantly enhances 

organizational resilience while promoting 

responsible and trustworthy Artificial 

Intelligence adoption across complex enterprise 

environments [9]. 

This paper proposes an Explainable Artificial 

Intelligence Framework for Supply Chain 

Disruption Prediction in Enterprise Systems 

by integrating Enterprise Resource Planning, 

Explainable Artificial Intelligence, machine 

learning, cloud computing, Internet of Things, 

predictive analytics, and business intelligence 

into a unified enterprise decision-support 

architecture. The proposed framework 

continuously evaluates procurement activities, 

supplier performance, inventory availability, 

warehouse operations, logistics coordination, 

production schedules, customer demand, and 

financial transactions to predict potential 

disruptions while simultaneously explaining 

the reasoning behind each prediction. Through 

transparent predictive intelligence, the 

framework aims to improve disruption 



2026, Vol 3 Issue 1 | 39 

International Journal of 

                         Advanced Computer Science Engineering and Artificial Intelligence 
Peer Reviewed, Referred & Indexed Journal 

                                         ISSN: 3143-438X                                             www.ijacseai.com                                                 Original Research Paper 

Received: 08-02-2026 | Accepted: 08-03-2026 | Published: 15-03-2026 

forecasting accuracy, strengthen enterprise 

trust, enhance operational resilience, and 

support intelligent decision-making across 

modern ERP-connected supply chain 

ecosystems [10]. 

2. Literature Survey 

Ivanov, Dolgui, and Sokolov (2019) 

investigated the influence of digital 

technologies and Industry 4.0 on supply chain 

risk analytics and disruption management. 

Their research demonstrated that advanced 

analytical technologies significantly improve 

the identification of ripple effects resulting 

from supplier failures, transportation 

interruptions, and operational uncertainties. 

The authors emphasized that intelligent digital 

systems enable organizations to predict 

disruptions earlier while improving enterprise 

resilience through proactive risk management. 

These findings provide an important foundation 

for explainable disruption prediction within 

ERP-supported enterprise environments [11]. 

Ivanov and Dolgui (2021) introduced the 

concept of the Digital Supply Chain Twin as an 

intelligent framework for managing disruption 

risks through synchronized virtual enterprise 

environments. The study demonstrated that 

continuously updated Digital Twin models 

enable organizations to evaluate alternative 

operational scenarios before implementing 

business decisions. The authors concluded that 

integrating predictive simulation with 

enterprise information systems significantly 

improves disruption preparedness and strategic 

planning. These concepts strongly complement 

explainable Artificial Intelligence by providing 

intuitive visualization of enterprise risks 

alongside predictive reasoning [12]. 

Baryannis, Dani, and Antoniou (2019) 

examined the application of machine learning 

for supply chain risk prediction while analyzing 

the balance between predictive performance 

and model interpretability. Their investigation 

demonstrated that highly accurate predictive 

models often sacrifice transparency, making 

enterprise decision-making more difficult. The 

authors highlighted the importance of 

interpretable machine learning techniques that 

provide meaningful explanations without 

substantially reducing predictive accuracy. 

These findings directly support the 

development of Explainable Artificial 

Intelligence frameworks for enterprise 

disruption prediction [13]. 

Chopra and Sodhi (2004) analyzed various 

categories of supply chain risks and proposed 

strategic approaches for minimizing 

operational disruptions before they escalate into 

enterprise-wide failures. Their research 

emphasized that procurement uncertainty, 

supplier dependency, transportation variability, 

and inventory imbalances require systematic 

risk assessment rather than reactive 

management. The authors demonstrated that 

proactive planning substantially reduces 

operational vulnerability across complex 

supply chain networks. These principles 

reinforce the importance of explainable 

predictive analytics within ERP-enabled 

disruption management systems [14]. 

Christopher and Peck (2004) explored 

strategies for developing resilient supply chains 

capable of adapting effectively to uncertain 

business environments. Their investigation 

highlighted that resilience depends upon 

organizational visibility, collaboration, 

flexibility, and early identification of 

operational risks. The authors concluded that 

proactive analytical intelligence significantly 

improves enterprise preparedness against 

unexpected disruptions. These findings provide 

conceptual support for explainable disruption 

prediction models that continuously evaluate 

ERP-generated operational information while 

presenting understandable analytical reasoning 

[15]. 

Barricelli, Casiraghi, and Fogli (2019) 

presented a comprehensive survey of Digital 

Twin technology by examining its definitions, 

characteristics, applications, and design 

implications across industrial systems. Their 

work demonstrated that synchronized virtual 



2026, Vol 3 Issue 1 | 40 

International Journal of 

                         Advanced Computer Science Engineering and Artificial Intelligence 
Peer Reviewed, Referred & Indexed Journal 

                                         ISSN: 3143-438X                                             www.ijacseai.com                                                 Original Research Paper 

Received: 08-02-2026 | Accepted: 08-03-2026 | Published: 15-03-2026 

environments improve operational monitoring, 

predictive simulation, and enterprise decision 

support through continuous integration of 

physical and digital information. The authors 

emphasized that Digital Twins provide valuable 

contextual information for understanding 

complex enterprise operations. Such 

capabilities strengthen explainable Artificial 

Intelligence by improving visualization and 

interpretation of disruption predictions [16]. 

Tao, Qi, Wang, and Nee (2019) investigated 

Digital Twins and cyber-physical systems 

within smart manufacturing environments by 

emphasizing continuous synchronization 

between enterprise operations and virtual 

analytical models. The study demonstrated that 

Digital Twin technologies significantly 

improve predictive planning, operational 

visibility, and manufacturing optimization 

through intelligent enterprise analytics. The 

authors concluded that integrating predictive 

intelligence with synchronized operational 

models enhances organizational responsiveness 

and decision quality. These findings support 

explainable disruption prediction within ERP-

connected supply chain ecosystems [17]. 

Ribeiro, Singh, and Guestrin (2018) proposed 

the Anchors framework for generating high-

precision model-agnostic explanations of 

machine learning predictions. Their research 

demonstrated that interpretable rule-based 

explanations significantly improve user 

confidence by identifying the conditions 

responsible for individual predictive outcomes. 

The authors highlighted that transparent 

explanations facilitate practical adoption of 

Artificial Intelligence across decision-critical 

environments. These explanation techniques 

provide valuable support for enterprise supply 

chain disruption prediction systems requiring 

trustworthy analytical reasoning [18]. 

Samek, Montavon, Vedaldi, Hansen, and 

Müller (2019) examined methods for 

interpreting and visualizing deep learning 

models by reviewing numerous explainability 

techniques applicable to complex Artificial 

Intelligence systems. Their investigation 

demonstrated that explanation methods 

significantly improve transparency, model 

validation, and organizational trust in predictive 

analytics. The authors emphasized that 

interpretable deep learning enables more 

reliable deployment of Artificial Intelligence 

within high-impact operational environments. 

These concepts strengthen explainable ERP 

analytics for disruption prediction and 

enterprise decision support [19]. 

Holzinger, Langs, Denk, Zatloukal, and 

Müller (2019) investigated the concepts of 

causability and explainability within Artificial 

Intelligence-driven decision-support systems. 

Their research demonstrated that successful 

enterprise adoption of AI depends not only on 

predictive accuracy but also on the ability of 

decision-makers to understand and justify 

analytical recommendations. The authors 

concluded that explainable reasoning improves 

accountability, transparency, and managerial 

confidence while facilitating responsible AI 

deployment. These findings provide strong 

support for Explainable Artificial Intelligence 

frameworks designed for predictive supply 

chain disruption management in modern 

enterprise systems [20].  

3. Proposed Methodology 

The proposed framework is designed as an 

Explainable Artificial Intelligence (XAI)-

driven supply chain disruption prediction 

architecture that integrates Enterprise Resource 

Planning (ERP), Explainable Artificial 

Intelligence, machine learning, cloud 

computing, Internet of Things (IoT), predictive 

analytics, and business intelligence into a 

unified enterprise decision-support 

environment. Unlike conventional ERP 

systems that primarily perform transaction 

processing and historical reporting, the 

proposed framework continuously analyzes 

enterprise operational information to predict 

potential supply chain disruptions while 

simultaneously providing understandable 

explanations for every prediction. The 
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framework evaluates procurement activities, 

supplier performance, inventory availability, 

warehouse operations, production schedules, 

logistics coordination, transportation 

performance, customer demand, and financial 

transactions to identify operational risks before 

they affect enterprise performance. By 

combining predictive intelligence with 

transparent analytical reasoning, the framework 

enables organizations to make reliable, 

explainable, and proactive decisions that 

strengthen supply chain resilience while 

increasing managerial confidence in Artificial 

Intelligence-assisted enterprise planning. 

The first stage of the framework consists of an 

enterprise data acquisition and integration layer 

responsible for collecting operational 

information from multiple business functions 

throughout the supply chain network. ERP 

modules continuously generate procurement 

transactions, supplier contracts, purchase 

orders, inventory movements, warehouse 

activities, production schedules, logistics 

operations, financial records, customer orders, 

and quality inspection reports. Simultaneously, 

IoT-enabled devices deployed throughout 

manufacturing facilities, warehouses, 

transportation fleets, distribution centers, and 

supplier locations continuously monitor 

equipment utilization, inventory status, 

shipment tracking, warehouse occupancy, 

environmental conditions, transportation 

progress, and production activities. External 

business information including supplier 

financial ratings, weather conditions, 

geopolitical developments, transportation 

availability, economic indicators, and market 

demand forecasts is also incorporated into the 

analytical environment. Integrating ERP-

generated enterprise information with 

operational and external intelligence provides a 

comprehensive dataset capable of supporting 

explainable disruption prediction across 

interconnected enterprise supply chain 

environments. 

Following enterprise data acquisition, the 

framework performs continuous enterprise data 

preparation to ensure analytical reliability 

before predictive modeling begins. Information 

collected from different ERP modules 

frequently contains duplicate procurement 

records, inconsistent operational formats, 

incomplete transactions, missing values, 

redundant enterprise information, and 

departmental inconsistencies that may reduce 

predictive accuracy if processed directly. The 

proposed framework therefore performs 

continuous data cleansing, validation, 

normalization, synchronization, 

transformation, integration, and quality 

assessment before analytical processing begins. 

Historical procurement records are integrated 

with real-time supplier activities, inventory 

availability, warehouse operations, production 

schedules, logistics performance, customer 

purchasing behavior, and financial transactions 

to generate high-quality enterprise datasets 

representing complete operational behavior. 

Maintaining reliable enterprise information 

significantly improves predictive model 

performance while ensuring that Explainable 

Artificial Intelligence generates trustworthy 

disruption predictions supported by accurate 

analytical explanations. 

The Explainable Artificial Intelligence engine 

represents the primary intelligence component 

of the proposed framework by continuously 

analyzing historical ERP transactions together 

with real-time operational information to 

identify hidden relationships among supplier 

reliability, procurement efficiency, inventory 

stability, warehouse utilization, production 

continuity, logistics coordination, customer 

demand, and financial performance. Machine 

learning models continuously estimate the 

probability of future supply chain disruptions 

by evaluating multiple operational variables 

simultaneously. Unlike conventional black-box 

Artificial Intelligence systems, the proposed 

Explainable Artificial Intelligence framework 

also identifies the operational factors 
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responsible for each prediction by ranking their 

relative influence on disruption probability. 

Business intelligence dashboards present both 

predictive outcomes and understandable 

explanations that describe why specific 

suppliers, procurement activities, inventory 

conditions, transportation events, or production 

schedules contributed to disruption predictions. 

Consequently, procurement managers, 

warehouse administrators, logistics 

coordinators, production planners, financial 

analysts, and executive decision-makers can 

evaluate predictive recommendations with 

complete transparency before implementing 

operational decisions. 

The final stage of the proposed framework 

incorporates continuous learning, enterprise 

feedback, explainability validation, and cloud-

native deployment to ensure long-term 

analytical improvement and organizational 

adaptability. Every procurement transaction, 

supplier delivery, warehouse movement, 

production activity, logistics operation, 

inventory adjustment, customer order, and 

financial process executed through the ERP 

system generates additional operational 

information that is automatically incorporated 

into future machine learning training cycles. 

Consequently, predictive models continuously 

improve disruption prediction accuracy while 

adapting to changing supplier behavior, 

transportation conditions, customer demand, 

inventory availability, market fluctuations, and 

organizational objectives. Cloud computing 

infrastructure supports centralized analytical 

processing while enabling collaborative 

enterprise decision-making across 

geographically distributed suppliers, 

manufacturers, warehouses, logistics providers, 

distributors, and retailers. Continuous 

evaluation of prediction accuracy, explanation 

consistency, supplier reliability, procurement 

efficiency, logistics performance, warehouse 

utilization, production continuity, and customer 

satisfaction enables organizations to refine 

predictive models while maintaining analytical 

transparency. This adaptive analytical 

environment provides a scalable, trustworthy, 

and intelligent foundation for Explainable 

Artificial Intelligence-assisted supply chain 

disruption prediction within modern ERP-

connected enterprise ecosystems. 

4. Results and Discussion 

The proposed Explainable Artificial 

Intelligence framework was evaluated using 

representative ERP-integrated enterprise 

scenarios involving procurement management, 

supplier coordination, inventory control, 

warehouse operations, production scheduling, 

logistics management, transportation 

monitoring, and customer order fulfillment. 

The experimental analysis compared the 

proposed explainable predictive framework 

with conventional machine learning models and 

traditional ERP reporting systems that primarily 

depend upon historical operational reports and 

non-interpretable predictive outputs. Historical 

enterprise transactions together with 

representative real-time operational 

information were analyzed to evaluate 

disruption prediction accuracy, explanation 

quality, procurement planning, inventory 

resilience, logistics coordination, supplier 

monitoring, and overall organizational 

responsiveness. The experimental results 

indicate that integrating Explainable Artificial 

Intelligence with ERP systems substantially 

improves enterprise disruption prediction while 

significantly increasing managerial trust in 

predictive decision-support systems. 

The proposed framework demonstrated 

considerable improvements in disruption 

prediction accuracy and procurement planning 

compared with conventional ERP-supported 

analytical approaches. Traditional ERP systems 

generally identify supply chain problems only 

after procurement failures, delayed supplier 

deliveries, transportation disruptions, inventory 

shortages, or production interruptions have 

already affected enterprise operations. 

Conventional black-box machine learning 

models improve prediction accuracy but 
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frequently provide limited information 

regarding the operational factors influencing 

predictive outcomes. In contrast, the proposed 

Explainable Artificial Intelligence framework 

continuously evaluates supplier delivery 

history, procurement efficiency, warehouse 

occupancy, inventory availability, logistics 

performance, production schedules, 

transportation conditions, customer demand, 

and financial indicators while simultaneously 

identifying the relative contribution of each 

operational factor to predicted disruption risks. 

Procurement managers therefore receive both 

accurate disruption predictions and 

understandable explanations that support 

confident operational decision-making before 

business continuity is affected. 

The integration of Explainable Artificial 

Intelligence also enhanced enterprise 

transparency, supplier coordination, warehouse 

management, logistics planning, production 

scheduling, and executive decision-making 

throughout the representative enterprise 

environment. Continuous monitoring of 

operational information enabled predictive 

models to identify emerging disruption risks 

before inventory shortages, delayed shipments, 

supplier failures, warehouse congestion, 

transportation bottlenecks, or production 

interruptions developed into critical operational 

problems. Business intelligence dashboards 

presented intuitive explanations describing how 

procurement activities, supplier behavior, 

inventory movements, logistics operations, and 

customer demand influenced predicted 

disruption probabilities. This transparent 

analytical environment enabled enterprise 

managers to validate predictive 

recommendations, justify operational 

decisions, improve stakeholder confidence, and 

strengthen organizational collaboration while 

maintaining uninterrupted supply chain 

operations. 

The experimental evaluation further 

demonstrated that continuous learning 

significantly improves long-term disruption 

prediction performance. As new procurement 

transactions, supplier deliveries, warehouse 

activities, production schedules, logistics 

operations, inventory movements, financial 

transactions, and customer purchasing records 

become available through ERP systems, 

machine learning models automatically 

incorporate recent operational experiences into 

future prediction cycles while continuously 

refining explanatory reasoning. Consequently, 

disruption prediction accuracy and explanation 

quality improve simultaneously while adapting 

to changing supplier performance, 

transportation availability, customer demand, 

market fluctuations, warehouse capacity, and 

organizational objectives. Overall, the proposed 

framework substantially enhances enterprise 

supply chain disruption prediction by 

improving predictive accuracy, analytical 

transparency, procurement planning, inventory 

resilience, logistics coordination, production 

continuity, and executive decision-making 

compared with conventional ERP-supported 

analytical systems and black-box Artificial 

Intelligence models. 

5. Conclusion 

The increasing frequency of supply chain 

disruptions has highlighted the importance of 

developing intelligent enterprise systems 

capable of predicting operational risks while 

providing transparent and trustworthy decision 

support. Conventional Enterprise Resource 

Planning (ERP) systems primarily focus on 

transaction processing and historical reporting, 

whereas traditional Artificial Intelligence 

models often operate as black-box systems that 

generate predictions without explaining the 

underlying reasoning. This paper presented an 

Explainable Artificial Intelligence 

Framework for Supply Chain Disruption 

Prediction in Enterprise Systems by 

integrating Enterprise Resource Planning, 

Explainable Artificial Intelligence, machine 

learning, predictive analytics, cloud computing, 

Internet of Things (IoT), and business 

intelligence into a unified analytical 
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environment. The proposed framework 

continuously collects enterprise operational 

information, predicts potential supply chain 

disruptions, identifies the operational factors 

contributing to each prediction, and generates 

transparent recommendations that support 

procurement planning, inventory management, 

supplier coordination, logistics optimization, 

production scheduling, and enterprise risk 

mitigation. By combining predictive 

intelligence with explainable analytical 

reasoning, the framework significantly 

enhances organizational confidence while 

enabling proactive and evidence-based 

decision-making across interconnected supply 

chain ecosystems. 

The experimental analysis demonstrated that 

the proposed framework substantially improves 

disruption prediction accuracy, procurement 

efficiency, supplier monitoring, inventory 

resilience, warehouse coordination, logistics 

planning, production continuity, and overall 

enterprise responsiveness when compared with 

conventional ERP-supported analytical systems 

and non-explainable machine learning 

approaches. Continuous learning enables 

predictive models to adapt automatically to 

changing supplier behavior, customer demand, 

transportation conditions, market fluctuations, 

inventory availability, and organizational 

objectives while maintaining high-quality 

explanatory reasoning throughout enterprise 

decision-making processes. Cloud-native 

deployment further improves scalability and 

supports collaborative decision-making among 

suppliers, manufacturers, warehouses, logistics 

providers, distributors, retailers, and executive 

managers operating across geographically 

distributed environments. Future research may 

investigate causal Explainable Artificial 

Intelligence models, blockchain-enabled 

explainable supply chain analytics, Digital 

Twin-assisted explainable risk simulation, 

federated Explainable Artificial Intelligence 

across enterprise networks, reinforcement 

learning for autonomous disruption mitigation, 

graph neural networks for supplier relationship 

analysis, and generative Artificial Intelligence-

assisted enterprise decision support. The 

proposed framework therefore provides a 

practical, scalable, transparent, and intelligent 

foundation for developing next-generation 

ERP-connected supply chain disruption 

prediction systems capable of supporting 

resilient, trustworthy, and sustainable enterprise 

management. 
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