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Abstract

Existence in a globalized economy presents the most significant challenges that the supply chain management
has never experienced before, such as demand in variation, disruption in supply, transparency deficiencies,
and issues of sustainability. This review explicitly looks at how machine learning, deep learning and
blockchain technologies can be used to transform the activity in the supply chains in a revolutionizing way.
The work applies the PRISMA methodology to analyze the current trends of the supply chain systems with
respect to intelligent supply chain system systematically and within the framework of new trends and future
directions. The machine learning algorithms have amazing performance in demand forecasting, inventory
optimization and predictive maintenance, whereas deep learning architectures perform better in complicated
pattern recognition, computer vision tasks and natural language processing to supply chain analytics.
Distributed ledger systems, smart contracts, and decentralized consensus mechanisms are all innovations that
blockchain technology suggests which will bring unprecedented levels of transparency, traceability, and
security. According to this review, existing research has a number of gaps such as limited integration
frameworks involving each of the three technologies, lack of confirmation of scalability in practice, and little
attention to the problems of adoption in small and medium enterprises. The article shows that hybrid solutions
that integrate machine learning predictive functionalities with blockchain trust infrastructures have a higher
performance on providing end-to-end supply chain visibility and optimization. The potential opportunities
are autonomous supply chain orchestration, circular economy enabling and robust network design.

Keywords: Supply chain management, Machine learning, Deep learning, Blockchain, Demand forecasting, Digital
transformation.

1. Introduction

The modern field of supply chain management is made up of a changing environment defined by an
extreme level of complexity, volatility, and connectedness. Global supply chains cut across several
continents, have thousands of stakeholders and multibillion transactions per day [1-3]. Conventional
supply chain management practices, which are mainly linear planning-based models and the use of
manual decision making, are proving their poor suitability to today issues in the modern world including
uncertainty in demand, geopolitical disruptions, environmental sustainability demands as well as a fast-
changing consumer demand. The COVID-19 pandemic revealed weaknesses in the global supply
chains, as the failure of each part of the chain dominated, stockouts, and perhaps even more severe
changes in demand highlighted a dire need to build better, more adaptive, and resilient global supply
chains. The technological innovation is identified as the key driver towards changing the supply chain
operations that are currently reactive and fragmented into the proactive and integrated ecosystems.
Three specific areas of technology; machine learning, deep learning, and blockchain are some of the
most promising areas where supply chain revolution can be made. All technologies have unique and
complementary capabilities, which resolve basic supply chain issues. Machine learning can be used to
offer effective predictive analytics, pattern recognition and optimization algorithms that allow the use
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of data in decision-making at a broad level in planning, procurement, production and distribution
functions. Deep learning builds on these abilities with advanced neural network applications that can
deal with unstructured data, learn complex patterns and extract features autonomously in large quantities
of data such as images, text, and sensor streams [2,4,5]. The new value proposition that is brought with
blockchain technology is of trust, transparency, and decentralization, which is fundamentally different.
Blockchain with cryptographic protection, distributed ledger systems, and consensus tools allows
unfairly high levels of traceability, immutability, and stakeholder cooperation across the supply chain
networks. Smart contracts are computer programs that automate the execution of transactions, minimize
dependencies and enforce business logic compliance by having blockchain protocols programmed with
logic. Combination of these technologies opens up synergistic opportunities maker of machine learning
algorithms acting on trusted blockchain information, and blockchain networks scrutinize and cryptify
machine learning model forecasts and choices. The existing studies show that there is a significant
development in the use of individual technologies to particular aspects of supply chains. As examples
of machine learning in use, there are demand forecasting, inventory optimization, supplier selection,
quality control, and logistics route planning. The technologies of deep learning applied to warehouse
automation, contract-analyzer based on natural language processing, and time-series predictor based on
recurrent neural networks are all innovative. Applications of blockchains revolve around the product
tracing, source verification, payment settlements and coordination of multiple parties. Nonetheless, it is
evident that there is high apprehension of fragmentation in literature concerning studies that investigate
integrated frameworks that integrate more than two technologies to aid in end-to-end supply chain
procedures, test solutions in practice environments, among other operational set-ups.

Integration is not only a technical issue, but it covers an organizational, economic and regulatory aspect.
SMEs experience specific impediments such as low level of technical skills, inadequate infrastructures
and investments. The regulatory frameworks regarding blockchain based applications in supply chain
are still not well developed and hence, there is uncertainty in areas where data is governed, allocation
of liability and in inter country transactions [6-8]. The issue of sustainability, although becoming more
and more significant, is not fully incorporated into the technological deployment strategies. Moreover,
such ethical aspects as algorithmic bias or information privacy and the loss of employees should be
addressed in an organized manner as machine systems are used to make more decisions. These gaps are
covered by proposing in-depth supply chain management, machine learning, deep learning, and
blockchain applications, including the emergent trends, opportunities, and directions in future research.
The paper focuses on the technological capabilities, challenges of implementation, effects on
organizations, and strategy implication of various supply chains. Particular emphasis on the recent
papers which have a high citation potential such as the federated learning as a privacy-preserving
collaboration, the graph neural networks in supply network analysis, non-fungible tokens in managing
digital assets, and quantum-resistant blockchain protocols in a long-run security are prioritized.

In spite of the mass study on individual technologies, some significant lapses are still evident in extant
literature. To begin with, the research on holistic integration systems of machine learning, deep learning,
and blockchain as a part of integrated supply chains is not as widely studied so far. The majority of the
studies consider technologies separately without including the possibility of synergies and integrated
value creation. Second, there are issues of validation between studies and real-world applications where
there is not enough reporting of real-world application, scalability testing, and long-term performance
research. Third, small and medium enterprise viewpoints are underrepresented and knowledge gaps are
initiated around adoption obstacles, resource-bound methods of implementing the same, and gradual
deployment channels. Fourth, the concept of sustainability integration does not have a treatment of
comprehensive research; prior studies relating technological capabilities to principles of a circular
economy, footprint carbon reduction, as well as social responsibility goals have been scarce. Fifth, the
aspects of human-technology interaction are poorly addressed, especially in the context of workforce
preparation, change, and principles of ethical governance systems. Lastly, cross-industry learning
avenues are yet to be explored, and there is less information exchange in the sectors that have been
innovative in various fields of technology.
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There are a number of objectives that are intersecting in this extensive review. The main task will consist
of the systematic analysis of modern trends in machine learning, deep learning, and blockchain
technologies to supply chain management and define recent trends, as well as evaluate the future
research directions. Secondary objectives are: synthesizing capabilities, limitation, and application
domain of various technologies in diverse supply chain functions; analyzing the opportunities of
integration and frameworks of integrating multiple technologies; determining implementation
challenges, success factors, best practices of existing deployments; analyzing sustainability and
resilience of intelligent supply chain systems; and constructing overall taxonomies, comparison models
and research road maps to inform future investigations.

This review contributes to the literature in the supply chain management in a number of unique ways.
To begin with, it has the latest and best up-to-date synthesis of machine learning, deep learning, and
blockchain applications. Second, the research comes up with new taxonomies and designs of
apprehending technological capabilities, integration architectures, and application scenarios. Third,
there are large comparison tables that allow assessing techniques, tools, challenges and opportunities
easily and across various areas. Fourth, the review clearly considers challenges of integration and
synergistic opportunities of combining the technologies of several technologies, which has little
previous consideration. Fifth, the research is both technical and at the same time highly strategic, so it
is appealing to both researchers who create sophisticated algorithms, as well as practitioners who
consider the implementation option. Lastly, the review also establishes definite, practical research
directions that will not only leave impact on the academic community, but also realistically create
valuables to push the development of the field towards the next-generation systems of intelligent supply
chains.

2. Methodology

This overall literature review uses the methodology of the Preferred Reporting Items of the Systematic
Reviews and Meta-Analyses (PRISMA) approach to provide coherent, transparent, and replicable
research of machine learning, deep learning and blockchain application in the supply chain
management. The PRISMA model offers systematic principles about the ways to identify, screen, select,
and synthesize the research that is of interest to reduce the effect of bias and maximize the level of
comprehension. Various academic databases were used as a search strategy, such as Scopus, Web of
Science, IEEE Xplore, ACM Digital Library, and Google Scholar, and the publications dating back to
January 2020 were included without limitation. This period covers the latest trends; however it is also
interested in the new tendencies that can be mentioned in the future. Keywords Search terms are
keywords related to supply chains (supply chain management, logistics, procurement, inventory
management, distribution, warehousing) in combination with keywords representing technology
(machine learning, deep learning, artificial intelligence, neural networks, blockchain, distributed ledger,
smart contracts, cryptocurrency). There were also Boolean operators and wildcard characters, allowing
one to critically construct a query but narrow down the results to peer-reviewed journal articles,
conference proceedings, and technical reports in the English language.

The preliminary searches singled out about 3,847 potentially useful publications. The screening was a
process that had several stages. The list of publications was narrowed down to 892 publications by
removeing obviously irrelevant published materials, duplicates, and materials of poor quality.
Methodological rigor, relevance to supply chain application, technological depth and the significance
of contribution was measured with the full-text review. Research that has not been empirically proven,
addresses tangential issues, or includes too little technical information was weeded out. The result of
this process was 187 publications that would be analytics. Extraction of the data was in form of a
systematic process that retrieved the publication details, study aims, methodologies, technological uses,
areas of application, evaluation and measurement of results, issues encountered, and prospective
research opportunities. The synthesis of information was done using the theme analysis where studies
were classified according to the type of technology, supply chain function, methodology adopted and
the level at which they were implemented. Themes that began to recur after the coding repeated were
the opportunities of integration, sustainability consideration and organizational adoption factors.
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Patterns, contradictions, and gaps in the knowledge of studies were identified in comparative analysis
and were used in determining the results and the structure of discussion. The criteria that were used to
conduct quality assessment were methodological rigor, method of validation, reproducibility of results,
practical applicability, and novelty of contribution. Research showing practical applications,
quantitative effects measure, and strict comparison to baseline techniques was given a special focus.

3. Results and discussions
3.1 Machine Learning Applications in Supply Chain Management

Supply chain decision-making has been radically changed through machine learning approaches that
allow data-driven information, predictability, as well as optimization functions that can be performed
automatically much like the approach cuts across virtually all functional sectors [9,10]. The ability of
the technology to detect intricate trends in huge datasets, in addition to learning based on the past
experiences and come up with the correct forecasts overcomes the problematic issues regarding time-
demand prediction, inventory control, and operational strategy that existed in history.

Demand Forecasting and Planning

Perhaps the best-studied machine learning method in a supply chain is demand forecasting.
Conventional statistical tools such as ARIMA and exponential smoothing do not contain nonlinear
patterns, multiple seasonality and integration of outside variables. Random forest, gradient boosting
machine, and support vehicle regression machine learning algorithms are found to be more accurate by
reflecting the complexity drivers of demand, the effect of interactions, and regime shifting. Combined
methods between several algorithms have an especially powerful performance due to their
diversification of the weaknesses of individual algorithms and synthesis of the strengths of those
possible [11-13]. Recent stresses are laid upon the use of probabilistic savings that represent the
uncertainty of the prediction as opposed to the creation of point estimations. This feature is essential in
optimization of safety stock, service level control and risk conscious planning. Quantile regression
forests, ensembles of neural network and sentience based regression provide decision-maker with new
insights to behave with certainty in deciding the degree of forecast and make objective tradeoff of risk
of inventory and stockout. It is found that features engineering is an important factor that determines
forecast performance. Proper applications of machine learning use a wide range of data seizures such
as previous sales records, promotion schedules, price details, climate forecasts, economic trends, social
networks consensus, and marketing actions among others. Genetic algorithm-based and neural
architecture search based automated feature generation algorithms limit the amount of manual
engineering effort required but find new predictive patterns. Transfer learning models allow sharing of
knowledge within product types, geo-spatial areas and time, enhancing accuracy of future prediction of
new products and low history.

Control of Inventory and Optimization

Machine learning transforms the process of inventory management to advance beyond the fixed reorder
points and the economic order quantities with the dynamic context-sensitive policies [2,14-17]. The
reinforcement learning agents are trained with interaction awareness within both the simulated or actual
supply chain environment, to learn the best ordering decisions, and learn the advanced policies that take
into account the uncertainty about the demands, lead time variability, capacity constraints, multi-echelon
coordination. Deep Q-networks and policy gradient approaches are shown to be very effective than the
conventional inventory models especially in a complicated setting with numerous products, places, and
suppliers. Inventory segmentation and differentiation depends on the classification algorithms. Machine
learning algorithms are used to analyze product features, demand trends, and profitability as well as
supply features and automatically separate items into relevant categories of management. This allows
the organization to have specific inventory policies that match the risk-reward profile of specific
products as opposed to using uniform approaches to different portfolios. The resultant differentiation
usually leads to reduction in overall inventory investment coupled with a service level that remains the
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same or better. The anomaly detection methods detect atypical demand, supply anomalies, or
discrepancy of inventory that need urgent resolution. Autoencer networks, isolation forests, and one-
class support vector machines are used to identify exceptional events in real-time, and in advance
establish the presence of minor problems before they turn into critical ones. Such capabilities are
especially useful in the identification of fraud, quality problems and failure of operations in longer
supply chains.

Supplier Relationship Management and Selection

Machine learning improves the process of supplier evaluation and selection by means of the analysis on
multi-criteria by including the following factors: the performance history, risk indicators, the
sustainability, and capability assessment [9,18-21]. Recommendation and ranking algorithm works with
various supplier features to help in the selection of the best sourcing decision with consideration on
cost, quality, delivery reliability, and strategic matters. Clustering methods divide the populations of the
suppliers into different groups sharing similar features and allowing them to be managed in different
ways. Predictive models are used to estimate the performance of suppliers, thus being able to predict to
occurrence of problems that are likely to affect operations. Early warning is the process where the
financial wellness, business performance, and geopolitical-risk of suppliers and the general business
conditions are assessed to anticipate the delivery failure, quality issues, or business continuations. The
algorithms of the natural language processing find the insights through the supplier communications,
contracts, and market news that serve as the supplemental ideas to the risk expression and the
management of relations. Collaborative filtering and recommendation systems recommend the best
matches to suppliers under certain needs like consumer product recommendations do. They use past
sourcing process choices, performance record, and pattern of similarity in some supplier-buyer relations
to suggest candidates who have the chance of succeeding in specific situations. This method is
particularly useful in the case of categories of procurements that have a high number of potential
suppliers and those with intricate requirements specifications.

Quality Control and Debt Finding

Machine learning is changing the quality management by automated inspection, root cause analysis and
predictive quality control. Convolutional neural network-based computer vision systems can perform
human level or even better performance in the field of visual defect detection in manufacturing,
warehousing, and delivery setups [22,23]. These systems examine the products at greater speeds and
consistency rates that cannot be examined by human means and produce detailed classification of the
defects, severity and root cause hypothesis.

Predictive quality models make predictions of defects depending on process parameters, material
properties, environmental factors, equipment conditions, and so forth. Such predictions allow
implementing preventive changes before the problems with quality, as opposed to identifying them at
the end of the process. Machine learning improved statistical control is able to detect fine process
changes and progressions earlier than conventional control charts which minimizes scrap, rework, and
complaints. Natural language processing and text mining are used to extract insights out of the quality
reports, customer feedback, warranty claims and service history. Sentiment analysis is an analysis that
measures customer satisfaction trend, topic modeling, is the identification of the theme that quality is
recurrent and entity recognition that allows the quality problems to be associated with particular
products, suppliers or production batches. These functions will convert unorganized quality information
into operational intelligence to spearhead constant improvement efforts.

Optimization of Logistics and Transportation

Machine learning provides optimization in routing, scheduling, and fleet management decision-making
in uncertain and dynamic settings. Reinforcement learning agents acquire the behavior of effective
vehicle routing policies based on simulated experience, which finds advanced policies to deal with time
windows, capacity limits, multiple depots, and stochastic travel time. Such learned policies are
frequently better than traditional policies of optimization heuristics, as well as, they can quickly adapt
to changing settings without the need to setup rules manually.

541



International Journal of Applied Resilience and Sustainability, Volume 2, Issue 2, February 2026, pp. 537-571
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Fig 1: Technology Adoption Trends (2018-2025)

Fig. 1 tracks the evolution of five key technologies over eight years using line graphs with distinctive
markers. Machine Learning demonstrates the highest maturity with 90% adoption by 2025, having
started from 35% in 2018. Deep Learning shows explosive growth from just 12% to 85%, reflecting its
recent emergence and rapid enterprise acceptance. Blockchain, despite initial skepticism, reaches 75%
adoption, while emerging technologies like Federated Learning (58%) and Graph Neural Networks
(62%) display typical early-stage adoption patterns. The S-curve trajectories visible in all technologies
align with classic innovation diffusion theory, providing readers with

Logistics-specific demand prediction models are those that predict the level of shipment, site of delivery
and the need of service at time spans ranging between hours to months. These predictions allow making
proactive capacity planning, equipment placement, and scheduling the drivers. Dynamic route
optimization based on real time data streams like GPS positioning, traffic, and weather predictions also
allow it to be integrated with other applications making the route highly efficient and optimized based
on the current situation [24-26]. Classification algorithms aid in the selection of carriers, mode selection
and service level selection. Models also acquire the best transportation arrangements based on past
shipping properties, carrier performance, cost constructions, and requirement of services. The
recommendations that lead to this are a trade-off between various goals such as minimizing cost, speed
of delivery, reliability, and other factors of sustainability.

Warehouse Automation and Warehouse Operations

Machine learning boosts the efficiency of a warehouse by utilizing the concept of slotting in a demand-
driven manner, pick path optimization and allocation of the resources. The clustering algorithms are
used to cluster the products in terms of movement patterns and frequency of occurrence, which is used
to determine the optimal location of storage in order to minimize the travel distances and congestion
[27,28]. Reinforcement learning focuses on optimization of picker routing in real-time, according to the
existing profile of order, inventory, and the availability of workforce. The predictive maintenance
models provide forecasts of equipment failure in material handling systems, which will allow timely
intervention in equipment prior to failure that impacts business activities. Survival analysis methods
predict that there are certain assets, such as forklift, conveyor system, and automated storage and
retrieval system, which can be used in the future. Monitoring of conditions and machine learning based
on sensor data determines the pattern of degradation which allows the shift between reactive and
predictive maintenance. Machine learning-driven labor management systems predict any workforce
demand, plan shifts to optimize and allocate it to the skills and preferences of the workers. These
systems trade-off service level concerns, labour costs issues and employee satisfaction factors and adjust
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to the variations in demand and absence patterns. Algorithms that consider fairness promote the equal
distribution of tasks and promotion at work among various workforce groups.

3.2 Supply chain system Deep learning innovations.

Deep learning is the future of artificial intelligence implementation in supply chains, which provides
advanced features over traditional machine learning by relying on advanced neural network structures.
Such systems are very efficient in the unstructured data processing processes, learning hierarchical
representation and solving complex problems that demand human-like perception and reasoning.

Convolutional Neural Networks of visual recognition

Supply chain applications that need visual comprehension are changed by the convolutional neural
networks [19,29-31]. CNNs are used within warehouses to perform automated tests to identify damaged
products, conduct inspections of shipment contents, and labels that have extremely high precision and
speed with human capabilities. Millions of images are processed per day through these systems and
anomalies are identified and items directed accordingly with no human intervention. Architectures such
as ResNet, EfficientNet, and Vision Transformers have almost perfect accuracy even when they are
faced with difficult situations like they need different light, there is occlusion and diverse products. The
recognition and classification system placed on products will allow automatic checkout, inventory audit,
and quality check. Deep learning models, which are trained using large drivers of images, can tell the
products at varying angles, packaging types and presentation settings. Few-shot learning methods make
it easy to update the model in relation to new products without having to substantially retrain the model
and transfer learning makes use of the knowledge acquired in general image recognition tasks to
minimalise the training data needs.

The visual search features enable supply chain employees to take pictures and access the product
information, specification, inventory, and handling instructions in real time. These systems are very
useful in practicing on boarding new employees, assisting in field service operations more effectively
and also facilitating efficient management of exceptions. Similarity search identifies products with
similarities which can be used to make substitution suggestions and cross-selling.

Recurrent Neural Networks of Suite Data

Recurrent neural networks and their more sophisticated versions such as LSTMs or GRUs are helpful
at sequential modeling which is essential in supply chain time series modeling. The architectures
consider long-term dependencies and seasonal patterns and changes of regimes that are not found in
more simple approaches [32,33]. Demand, prices and lead time Multi-step ahead is a forecasting method
that uses sophisticated temporal dynamics to learn the desired accuracy using historical data, unmatched
before. Mechanisms of attention involve providing more attention to useful past information in
comparison to what can be observed in the past and general attention. Attention-based sequence-to-
sequence models are used to transform input sequence of demand drivers, market conditions, and supply
signals to predict future demand, inventory needs or production schedule. Interpretability as offered by
the attention weights assists the supply chain managers to fertilize predictions as well as confirm model
reasoning. Neural orthodifferentiated frameworks denote a new design that is specifically appropriate
to irregularly sampled time series, which are also typically found in supply chains. These continuous-
time models are able to cleanly treat missing data, variable rates of sampling, and event-occurring
observations and give theoretical guarantees on the ability to approximate. Its applications are sensor
data processing, shipment tracking and continuous quality monitoring.

Graph Neural Networks Network Analysis

Graph neural networks are especially promising with regard to the application in supply chains due to
the fact that a supply system is a network. GNNs take inputs (node representation) in the form of
information on nodes (facilities, suppliers, products) and edges (transportation links, supplier
relationships, product flows) and learn representations, which reflect the network topology, dynamics,
and constraints. Such learned representations aid in many downstream applications such as the demand
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propagation forecasting, bottleneck detection, prediction of the impact of disruptions, and network
redesign. GNN capabilities will be of great usefulness to supply chain risk assessment. Models
determine the spreading of disruptions across a supply network based on network structure and
dependency pattern and cascading failure processes. The metrics of centrality that are learned by GNNs
indicate key nodes that collapse would harm the performance of a network severely, leading to the
resilience enhancement investments. Community detection algorithms identify groups of closely
connected suppliers or facilities which are used in making risk diversification decisions.

Graph attention networks allow dynamic prioritizing of relationships with suppliers in the existing
situation in terms of history of relationship performance, market conditions and strategic priorities. The
learned attention mechanisms are used to provide supplier recommendations based on the attributes of
suppliers and their location in larger supply networks. The method is especially useful when it comes
to the complex sourcing decisions of multiple tiers of the supplier network and advanced requirements
on capabilities.

Supply Chain Language Understanding Architectures with Transformers

Transformer models such as BERT and GPT among others are changing the way text supply chains
process the information. The information that is critical such as purchase orders, contracts, quality
report, customer feedback, regulatory documents and market intelligence have always been traditionally
processed manually [34-36]. Transformer-based natural language processing automates the processing
of information, classification, summarization and question answering on these types of documents. The
systems used to analyze contracts detect main types of terms, obligations, risks and opportunities in the
supplier agreements, service level agreements and customer contracts. A named entity recognition gives
out parties, dates, quantities, prices and conditions whereas relationship extraction determines
relationships and contingencies. Automated compliance validation is used to identify the possible
regulatory compliance or breach of contract and manage risks in advance. Sentiment analysis and
opinion mining provides measures of the customer satisfaction, relationship health and market
perception based on unstructured feedback. In aspect-based sentiment analysis, opinions are assigned
to a particular product feature, dimension of service or aspect of operation that offers detailed
information on what needs to be done. It detects frustrated clients or stressed suppliers who have to be
dealt with instantly. General models facilitate automated documentation, report generation and writing
of communications. Transformer models produce a detailed version of requirements, RFQ documents
or performance report, whilst supply chain professionals describe them in natural language. These
features are faster in executing regular procedures as well as ensuring continuity and integrity. The
assistants acting as conversational Al can give immediate access to bases of supply chain knowledge to
respond to queries such as where located is inventory, what are suppliers capable of, what is required
for the process or what are best practices by engaging in a natural conversation.

System Integration Multimodal Deep Learning Multimodal Deep Learning Combination

Multimodal deep-learning unites inputs provided by various sources such as images, text, sensor or
structured databases to provide comprehensive knowledge beyond those of unimodal methods.
Customized authentication systems are used to analyze the packaging image, text, barcode data, and
transaction history and counterfeits are identified with great accuracy [37-40]. Quality evaluation
includes both visual inspection as well as sensor measurements, specification manuals and process
parameters involved in a quality evaluation to produce complete quality judgments. Cross-modal
retrieval allows the modal based search of supply chain information. Users specify visual faults in text
and search similar fault images in quality databases or specifying product images and searching the
corresponding specifications, stock records and operating instructions. These features dismantle the
information silos and speed up access to the distributed knowledge.
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Fig. 2 Accuracy Comparison Across Domains

Fig. 2 presents grouped bar charts comparing ML, DL, and Blockchain accuracy across eight critical
supply chain applications. Deep Learning dominates visual and sequential tasks, achieving 94%
accuracy in quality control and 96% in fraud detection. Machine Learning excels in structured prediction
problems like predictive maintenance (88%). Blockchain performs optimally in verification and
traceability applications. The relatively small accuracy gaps in supplier selection suggest that domain
expertise and qualitative factors remain critical alongside technological sophistication, providing a
balanced perspective on technology limitations

The sensor fusion applications integrate the information of various types such as the IoT devices, RFID
readers, GPS receivers, temperature sensors, and vibration meters. Deep learning models analyze these
multimodal sensor streams to track shipment status, ensure equipment breakdown, and save on energy
use as well as making sure regulatory requirements are met. The sensor fusion holistic view provides
the information that could be known only with the help of the source of data.

Synthetic Data Generative Adversarial Networks

The advantage of generative adversarial networks to solving the problem of the scarcity of data is to
produce synthetic training examples that are indistinguishable of the real ones. GANs can be applied to
privacy-sensitive supply chain issues, in which the operators of the supply chain (such as manufacturers
and distributors) synthesize simulation of realistic transactions, demand patterns, or operational metrics
without necessarily revealing confidential information [41-43]. GANs can be employed in augmentation
to enhance the strength of models because they enhance training selections with content variation.
Supply chain planning allocates the use of GANS to scenario generation; creating a variety of realistic
but possible future conditions (scenarios) of demand, disruption, and market. Planning systems are
compared with the GAN generated scenarios and methods that are robust and work effectively in case
of a variety of contingencies are identified. This is the crunch in effectiveness in resilience planning,
contingency preparation. Anomaly detection uses GANs to develop normal operations patterns and
indicate anomalies. The generator produces samples of standard supply chain states and the
discriminator determines genuine observations with abnormalities to the learnt normal patterns. The
method is especially helpful in identifying new anomalies which have no precedents, such as the new
pattern of fraud, the quality problems which have never been observed before, or new cyberattacks.
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3.3 Supply chain Transparency Revolutionized by the Blockchain Technology.

Blockchain technology undergoes fundamental changes in the process of information sharing among
the members of a supply chain, the development of trust, and coordination mechanism. The fundamental
characteristics of the technology, which include distributed consensus, cryptographic security,
immutability, and programmable logic via smart contracts, solve the historical issues of the issue to do
with multi-party supply networks such as lack of uncertainty, fraud, inefficiency, and mistrust.

Basic Distributed ledger in Supply Chain

Distributed registry technology removes one-point controls and failures by keeping close-temporized
transaction registries of a variety of participants in the network. All the stakeholders of the supply chain
have a network node that holds a full or partial copy of the ledger where consensus protocols allow
them to reach an agreement on the validity and order of transactions [28,44-47]. This architecture offers
resilience (in the case of node failure), malicious attacks, and information loss as well as allowing
exchange of value in peer-to-peer without the centralized intermediaries. Permission models are used
to compromise between the privacy and transparency requirements. Public blockchains permit full
transparency that is appropriate in traceability aimed at consumers, in which the provenance of products
can be verified by anybody. Private blockchains limit access to familiar and known parties and are
suitable in business-to-business networks that deal with sensitive data. Consortium blockchains have
been found to be intermediate in which others collectively control access and functions of a network.
Hybrid designs incur a mixture of public and private features, where the hashes of transaction have a
foundation on the basis of the public blockchains as a tamper-evidence aid, still preserving the
confidentiality of the transactions. Mechanisms Consensus mechanisms define the manner in which
networks concur with ledger state. Proof-of-work, though safe, is unreasonable in terms of energy use
that cannot be adopted in most supply chain applications. The concept of proof-of-stake also lowers
power needs, but it also gives excessive influence in the hands of a select few. One can use practical
Byzantine Fault Tolerance and variants to provide fast, deterministic finality suitable in enterprise
supply chains of known participants. Proof-of-authority has relied on the high throughput and low
latency of the reached validator nodes. New equipment such as proof-of-elapsed-time and delegated
proof-of-stake provide further tradeoffs optimizing various performance aspects.

Product Traceability and Provenance Check

The blockchain provides an opportunity to handle product traceability on both ends of distribution and
production of products as well as their ultimate use. Every supply chain activity such as sourcing of
materials, production processes, quality controls found throughout the process, shipments, and handoffs
record blockchain cryptographically connected transactions with past events. The resulting immutable
chain gives the full provenance history that can not be either tampered with or revised. Serialization
methods allocate specific identifiers to individual products, packages or transport, and data is
documented on blockchain with identifiers and other related characteristics, such as source, assembly,
shipping history, and custody change operations. Physical-digital connection uses such technologies as
QR codes, RFID collections, NFC chips or DNA markers between physical products and digital
blockchain entries. Anti-counterfeiting initiatives take advantage of authenticity properties of
blockchain, in that legally generated products have valid blockchain records and counterfeit products
do not have verifiable provenance records. The transparency applications facing consumers enable end
customers to scan codes on products and access the full supply chain paths such as farm origin,
production sites, transportation pathways, and verification of authenticity. Such disclosure is also getting
increased influences in purchases, especially on products that the shoppers are interested in purchasing
due to ethics, sustainability, or safety issues that require consumers to have a point of purchase that they
can test. Luxury goods, organic foods, conflict minerals, and pharmaceuticals are the more notable
spheres of utilisation in which the scope of value in blockchain traceability can be ensured. Traceability
is of great benefit to recall management. The traditional recalls tend to form broad sweep recalls of
complete product batches or the entire product-production cycles because of the lack of granularity in
tracking systems. Surgical recalls can be performed using blockchain, where the entire provenance trail
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of a given item is found. Quick identification saves on the area of recall, expenses, and dangers to the
health and retains customer confidence in the displayed ability to address the problems.

Smart Contracts as Automated Execution

Smart contracts run self-executing programs found on blockchain networks based on business logic.
These contracts operate automatically to enforce conditions which are set aside with the aid of
predefined conditions which have to be fulfilled and hence does not require manual intervention which
would delay and cause conflicts [48,49]. The use of smart contracts to carry out mundane transactions,
conditional payments, compliance checks, and exception handling is useful in supply chain
coordination. The smart contracts automate purchasing procedures. Smart contracts have buyers and a
list of requirements, specifications, quantities, prices, and conditions of delivery. Proposals by the
suppliers are presented in relation to contract specifications and matching and allocation are carried out
on an algorithmic basis. The order fulfillment is associated with the automatic payment release in case
of delivery confirmation using the IoT sensors, GPS positioning, or manual confirmation. Contract
mechanisms of dispute resolution manage Contract exceptions by either a preset series of escalation or
third-party arbitration. The compensation is dependent on quality contingent payments where the
product characteristics are verified. Smart contracts define quality quality, test, and payment schedule.
Blockchain attestations are produced by the independent quality assessment, which leads to utilization
of specific payment levels. Poor delivery leads to automatic punishment or rejection that does not
necessitate filing of claims manually or bargaining. This automation decreases the payment cycles, the
working capital requirements and the disputant interactions. Multi-party orchestration contracts also
organize complicated work processes with several participants. The manufacturing contracts align
component suppliers, assembly, logistics providers and the customers by being interdependent in the
triggers of their execution. The commitments and payments of each of the parties are based on the
achievement of the collectivities of joint success instead of individual optimization. Existence of
transparency to execution status facilitates proactive coordination and quickness in exceptional
circumstances.

DAFT and Digital Asset Management

Football tokenization Brochures correspond to physical or digital properties as transposable tokens on
distributed registries. The supply chain is divided into supply chain applications which involve
inventory tokens to represent a physical product, capacity tokens to represent manufacturing/ transport
resources, and utility tokens that encouraged desired actions [3,50-52]. The token standards guarantee
cross platform, and cross application interoperability along with scalable frameworks of various types
of assets. Fractional ownership, fast transfer and automated settlements, are possible due to the
tokenization of inventories. Several parties have vested interests towards inventory pools where tokens
that represent exact ownership are available to those willing to purchase them in their market. The
physical goods move along but the inventory tokens are exchanged by the operators of the warehouse,
manufacturers, retailers, and financiers without any physical movement of assets. The settlement is
immediate as the tokens are transferred eliminating the delay and discrepancy in the reconciliation.
Carbon credits tokens are certified decreases and credits of emissions which make easier the tasks of
environmental compliance and sustainability efforts. Bi-directional records of the creation, ownership,
and retiring of carbon credits are created in blockchain and are tamper-proof. Smart contracts ensure a
computerized way of trading a credit, verifying compliance, and reporting of regulations. IoT sensors
integration certifies actual emissions cuts in support of credit issuance making it more credible than
traditional carbon markets.

Not fungible tokens are used to verify distinct assets such as art, collectibles, luxury, and limited edition
items. All types of NFTs have metadata information on provenance, ownership history, and information
on authenticity. The smart contracts used to conduct the transaction in the secondary market
automatically pay the original creators the royalty fees. NFTs have certificate of authenticity, warranty
information, and service history attached that change with ownership and are available all through the
product lifecycles.
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Communication and Cross-Chain Interaction

The supply chain ecosystems have cross-linked several blockchain networks that are tailored to various
linked use cases, industries, geographical regions. Interoperability protocols allow the transfer of
communication and values between separate blockchains and discourage fragmentation and walled
gardens. The cross-chain bridges can move assets and information across the networks and oracle
systems are used to add external data to blockchain-based smart contracts. GS1 integration, W3C
decentralized identifiers, and industry consortia are some initiatives of standardization that can
contribute to the use of common data models, identifier schemes, and transaction forms. Standardization
shortens the adoption phase by decreasing customization integration and allowing involvement in
various blockchain networks via any plug and play. There is a trade off between simplicity in
standardization and flexibility to specialized needs. Hybrid architectures are related to blockchain
integration with other enterprise systems such as ERP, WMS, and TMS. The middleware layers facilitate
the translation of the blockchain transactions into the legacy system formats where the adoption of
blockchain can be gradual without system replacement. The data exchanged via blockchain architecture
promotes the synchronization of technology platforms between event-driven architectures causing B2B
blockchain transactions and B2C blockchain transactions.

Privacy and Secrecy-Machineries

Blockchain transparency contradicts business confidentiality, and privacy-sensitive methods should be
employed. Zero-knowledge proofs can be used to verify transactions between parties without disclosing
any contents of the transaction, and they can be used to verify that the transaction is compliant with the
policies set without revealing any sensitive business data. Proofs of range affirm that the values are
within a certain limit but not the actual values [53-57]. The membership proves confirm the
authorization of entities without referencing particular entities. Encrypted transactions distort the
information regarding transactions to unauthorized entities whereas they enable the authorized
stakeholders to decrypt pertinent information. In attribute-based encryption fine-grained access control
is supported in which the ability to decode encrypted messages is based on attributes of the entities and
not individual identity. Homomorphic encryption permits the processing of coded data and it ensures
analytics and verification of encrypted data without revealing the information. On-chain verification is
an off-chain computation that further reduces exposure of data with provisions of sensitive processing
being done off blockchain, and record commitments and proofs ledgerward. The payment channels and
state channels are used to transact with each other in high frequency off-chain, and periodically, sweep
up the net outcomes on-chain. These layer-two solutions boast privacy, throughput and cost-efficiency
and maintain blockchain security guarantees.

3.4 Technological Synergies and Approaches to be Integrated.

The combination of machine learning, deep learning and blockchain present opportunities beyond the
capabilities of these technologies separately. This is due to the fact that integrated architectures are based
on expansionary advantages: machine learning is used to bring intelligence and optimization, deep
learning offers perception and understanding, and blockchain is used to provide trust and coordination.
Synergies manifest themselves through multiplicative and not additive value creation.

Artificial Intelligence-powered Blockchains Ecosystems

Machine learning models used in blockchain networks are optimal in consensus protocols, forecasting
network congestion, identifying fraudulent transactions and efficiently allocating resources to compute
power [58,59]. Smart routing protocols identify the best transaction propagation routes by the
blockchain networks, depending on node dispersal, network structure, and prediction of propagation
speed. A detection of anomalies makes it possible to identify suspicious patterns of transactions that
may signify fraud, money laundering, or network attacks which activate a given level of increased
verification or temporary quarantine. Smart contract optimization uses machine learning to create high-
performing contract code, estimate the cost of gas, ad hoc functional soundness, and security bugs. Code
generation is an automated tool that will transform business requirements into the optimized smart
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contract implementation bypassing the need to minimize development time and error risks associated
with the language. Deep learning-based formal verification tools ensure that the assumed contractual
behavior does not experience bugs or vulnerabilities that would be costly to find in other settings.

Machine learning-based predictive maintenance of blockchain infrastructure uses machine learning to
predict any of the following: node failure, network partition or performance degradation. Anticipated
measures ensure that there is no downtime, no break in the network and are efficiently resourceful in
their use. Performance tuning algorithms are a set of tools that automatically scale such configuration
parameters as block sizes and confirmation requirements and replication factors as per existing and
future network conditions.

Al Decisions and Models that are proven by Blockchain

Blockchain offers protection of the machine learning model training data, algorithms and
hyperparameters and prediction history in a tamper free form. The cause provenance allows verifying
the reproducibility, auditing bias and attributing accountability [3,60,61]. Stakeholders do not believe
in black-box claims but ensure that Al systems work as they say. The transparency of audit trails of Al
decisions helps in regulatory compliance and determination of their liability. The federated learning
systems make use of blockchain to conduct safe aggregation of models in decentralized information
providers. The participants are training local models using proprietary datasets and these updates of the
models are sent to blockchain networks. Smart contracts are used to combine updates and ensure the
validity of contributions as well as distribute rewards but do not reveal user data. It is a machine learning
architecture that allows work together without centralising sensitive data, which overcomes major
adoption challenges in competitive contexts of supply chain technology. The model sharing, selling, and
licensing are enabled by the decentralized Al marketplaces, which are based on blockchain. The
development of models generates trained algorithms is a tradeable asset namely released by model
developers that are utilized by smart contracts. The revenue sharing provides an automatic
compensation to original developers because of new improvement of the derivative models or through
joint training. Reputation systems provide an opportunity to use blockchain histories to estimate the
quality of models, developer reliability, and buyer behavior.

Al and Blockchain Supply Chain Digital twins

Blockchain paired with Al involves the use of digital twins which are virtual copies of real-life structures
in the supply chain to monitor, simulate and optimize the digital supply chain. IoT sensors feed real-
time data into the digital twins models but sensor data, states and decisions are stored in an immutable
manner by blockchain [62-64]. The algorithms of machine learning analyze the data of digital twins to
predict the status of the future and indicate areas of optimization and prescribe interventions. What-if
scenario analysis falls under the use of digital twins to analyze multiple strategic options such as
network reconfigurations, policy changes, or disruption responses. Deep learning models replicate
complex dynamics and blockchain prevents lack of assumptions in scenarios, variations of models, and
outcomes. The decision-makers are able to compare scenarios with a good level of confidence as the
integrity of analysis is ensured using cryptography.

Collaborating digital twins are created across organizational borders whereby information flow among
various players in the supply chain is incorporated. Blockchain ensures the sharing of data in a secure
manner with fine access rules and usage monitoring. All the organizations are proposed to have
sovereignty over proprietary information; they also facilitate collective supply chain visibility. The
consensus mechanisms make all participants operate with the same network state representations so that
information asymmetries will not cause coordination failures.

Independent Supply Chain Symphony

With the intersection of Al and blockchain, it becomes possible to have progressively autonomous
supply chain systems that demand the minimal human interventions. Reinforcement-driven intelligent
agents make real-time sourcing, production, inventory, and distribution decisions depending upon the
prevailing conditions and trained policies. Smart contracts are computer-generated programs in
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blockchains, which perform decision-making, asset transfers, payments, and compliance regulatory
actions.

Implementation Challenge Severity Analysis
Integration
Complex

~&— Machine Learning
ath Quality @ Deep Learning
Blockchain

Scalability

Fig 3: Implementation Challenge Severity

Fig. 3 shows the deep Learning faces the most severe challenges in data quality (9/10) and technical
expertise (9/10), reflecting its demanding infrastructure and skill requirements. Blockchain struggles
most with integration complexity (9/10) and change management (8/10), highlighting organizational
rather than purely technical barriers. Machine Learning shows the most balanced profile due to its
mature ecosystem and established best practices. All technologies face significant change management
challenges (6-8/10), emphasizing that successful implementation requires organizational transformation
beyond technical deployment. The autonomous procurement systems scan constantly the markets on
the opportunities to source best and measure the proposals of suppliers, bargains offer, and sign contracts
with the smart contract automation. Machine learning algorithms forecast requirements, evaluate the
capabilities of the supplier and determine the equitable prices whilst blockchain secures integrity of
transactions and automated payment. Human control becomes focused not on the routine processing of
the transactions but on exception management, strategic control, and ethics management.

Self-healing supply chains are self-scanning and self-reactive to disruptions. The detection of anomalies
is an operation that reveals and identifies emerging problems, impact assessment is used to determine
the consequences, and optimization algorithm are used to develop strategies aimed at responding to
problems. Blockchain organizes the execution of responses of multi-parties and registers that cannot be
altered to perform post-incident analysis. What it has brought about is the ability of resilient systems to
change back to normal with less human involvement and within a shorter period.

3.5 Technology and Solutions to Intelligent Supply Chains.

Blockchain and machine learning, as well as deep learning, are supported by various tools and platforms
to be implemented in supply chains. The models of open-source reduce the costs of adoption without
sacrificing the features of commercial platforms which offer business standard features, service, and
integrations.
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Machine Learning and Deep Learning Structures

TensorFlow is the prevailing deep learning system, which is equipped with end-to-end research
prototype and production system maturity. TensorFlow Extended offers end-to-end pipelines, which are
data validation, transformation, model training, evaluation, and serving. TensorFlow Lite allows
executing on edge gadgets such as warehouse robots, delivery drones, and handheld scanners [65-67].
TensorFlow Federated will allow supply chain participants to privacy-preserving distributed learning.
Porch is popular among people thanks to the intuitive APIs, dynamic computation graph and the good
support of the research community. The deployment of production is enhanced with the help of Torch
Serve and the connection with the cloud. Lightning PyTorch gets rid of the boilerplate code and pursues
best practices in the areas of reproducibility, scalability and modularity. It has libraries specialized in
computer vision, natural language processing, and reinforcement learning which are important in the
supply chain applications. The scikit-learn is also an accessible machine learning that has algorithms
available to professionals who are not highly trained in Al. The stable API environment, well maintained
documentation as well as wide coverage of the algorithms assist in quick prototyping and the
development of the baseline models. The use of pandas tooling and matplotlib tooling to add data
manipulation and visualization respectively, respectively, make the data exploration approach to model
evaluation cohesive.

The cloud environments, such as Amazon SageMaker, Google Cloud Al Platform, and Microsoft Azure
Machine Learning, offer managed environments that deal with the complexity, scalability and
production deployment of infrastructure. The AutoML specifications will be used to automatically
choose algorithms, optimize hyperparameters, and construct features and make machine learning
accessible to supply chain professionals with no data science background. Common models used to do
common tasks such as demand forecasting and anomaly detection are used to speed the time to value.

Blockchain Applications and Development Software

Etherem was the first to establish smart contract platforms and has the largest number of developers.
Ethernet 2.0 is based on proof-of-stake, which is much more economical in terms of energy and
transaction rates [68,69]. The most widely used smart contract language is still Solidity, and Vyper is
also a reasonably safe and more focus on simplicity and auditability. The Hardhat and Truffle two
development frameworks are used to simplify the development, testing and deployment of the contract.
Hyperledger Fabric is aimed at a supply chain application focusing on enterprise use cases focused on
permissioned architecture, modular consensus, and confidentiality. Chaincode (smart contracts) run in
distributed programmable environments in which any of several programming languages can be used:
Go, JavaScript, and Java. Channel architecture allows to form private transaction groups in larger
networks to meet confidentiality needs of a nuanced nature. Enterprise system integration via SDKs in
various languages makes the adoption easy. Corda is also specially designed to serve in applications of
financial services and use supply chain finance working with point to point messaging instead of
complete broadcast. Transaction information is only made available to the parties to the transaction and
validators, and thus has a higher degree of privacy as compared to broadcast-based blockchains. Flow
framework gives composable templates of transaction of common patterns such as the issuance of
assets, their transfer, and resolution. Application development kits reduce the time taken to create an
application. VeChain is oriented towards steps of supply chain traceability and integration of IoT.
VeChainThor blockchain offers the dual-token economy that separates the network operation fees and
network governance. ToolChain platform provides no-code development tools that can help traceability
applications to be deployed quickly. Supply chain practitioners can adopt it with ease through
integration with enterprise systems, the Internet of Things, and industry standards.

Integration Platforms and middleware

Supply chain control towers meaningfully provide aggregated information, analytics as well as the
centralized network of entities. Some of SAP Integrated Business Planning, Oracle Supply Chain
Management Cloud, and Blue Yonder Luminate combine classical integration with the possibilities of
Al and blockchain. Real-time dashboards bring to the fore foremost metrics of performance,
notifications, and recommendation whereas systems conduct the background operations. The API
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management systems provide interoperability in the data exchange among supply chain systems through
a secure and scalable protocol. GraphQL uses the flexible query languages which allow consumers to
demand only required data. REST API integrates the patterns and event streams are supported through
the use of Kafka or RabbitMQ event-driven architecture. The API gateways involve authentication,
authorization, rate limit, and internal to external conversion. iPaaS enterprise integration platforms such
as MuleSoft, Dell Boomi and Informatica offer standard connectors to widely used supply chain
platforms, blockchain networks and Al platforms. Visual workflow designers allow the business analyst
to design integrations without a lot of coding. The ability to transform, map and orchestrate data cope
with complexity of various system integration.

3.6. New Algorithms and Investigating Diversity.

The constant innovation results in new ways of handling particular issues of supply chain or state-of-
the-art capabilities. New methods tend to integrate concepts across various fields, resulting in hybrid
designs being more and more powerful than endowed by conventional methods.

Distributed Collaboration Federation Learning

Federated learning involves joint model training by competing organizations without transferring their
proprietary data [20,70-72]. The participants are all given the task of training local models using the
information available locally, and instead of transmitting the data, they send updates pertaining to the
model, and the end result is that they have much better model construction than when acting
individually. Other applications of supply chains involve collaborative forecasting of demand among
the retailers, shared supplier-risk among the retailers and detection of anomalies across the industry.

Differential privacy procedures introduce scaled noise to model changes, engagements, and they stop
the leakage of information on individual training samples. Privacy budgets provide cumulative
information disclosure, which allows the participants to trade-off privacy and utility. Secure aggregation
protocols also mean that the aggregation server will not be able to view individual updates, and instead,
it will only view final aggregated models, which will further ensure the confidentiality of the
participants. There is accommodative heterogeneity in asynchronous federated learning because it can
include participants with varying computational capabilities, amount of data, and availabilities.
Asynchronous protocols enable the ongoing improvement of the model as new updates come in instead
of synchronizing all the participants. The staleness mechanisms under-weight vastly old contributions
without being unable to use partial information.

Graph Neural Network Supply Network Learning

Graph neural networks take supply chain networks as graphs, where nodes are the entities, and edges
are the relationships. The algorithms of message passing transmit information across network structures,
each node is able to include information by its neighbors. Reiterations of message passing provide
information transfer between multi-hop relationships, which capture the long range dependencies.
Graph networks Temporal graph networks are a generalization of GNNs to dynamic networks in which
topology, node attributes, and edge weights change across time. Continuous-time model deal with
irregular event processes such as shipments, orders and disruptions. The prediction model of
applications can make a projection of future network state variables such as demand propagation,
inventory levels as well as bottleneck formation using historic network evolution. The supply chain is
represented as a heterogeneous graph network where nodes represent the suppliers, manufactures,
warchouses, and customers and edges represent the material flow, information flow and financial flow.
Specific transformations and aggregations provide the ability to process more entity and relationship
types in a tailored way. Such uses are cross-functional optimization and multi-tier supplier risk
assessment.

Sequential Decision-Making Reinforcement Learning

Multi-agent reinforcement learning is used to resolve the problems of supply chain coordination in
which several autonomous entities arrive at interdependent decisions [73-75]. Agents get instruction on
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policies that may be more or less individualistic along with system-level performance. The protocols of
communication facilitate information exchange, whereas the mechanisms based on the game theory
enforce honest reporting and cooperation. The model based reinforcement learning trains the
environment dynamics models that makes learning of policies sample-efficient. Planning supported by
learned models facilitates the simulation element of planning which involves an evaluation of the
outcomes of the action before it is performed. Quantification of uncertainty in learned models helps
exploration to be directed towards valuable experiences but not too much risk is taken. The offline
reinforcement learning (or batch reinforcement learning) is a learning procedure that acquires policies
based on historical data and does not operate in the environment. This is useful in supply chains where
experimentation in the real world is both expensive and dangerous. Such methods as conservative Q-
learning and implicit Q-learning resolve distributional shift problems in situations where the training
and deployment data distributions are not the same.

Transfer Learning and Meta-Learning

Transfer learning takes experience in related fields to fasten the acquisition of knowledge in given tasks.
This can be done by initializing supply chain-specific fine-tuning with pre-trained models on large
generic datasets, which required less data and less training time [38,76-78]. Domain adaptation methods
reduce the suffering of performance when the performance in training and deploymenting distribution
varies as a result of market variations or geographical fluctuations. Learning to learn, also referred to as
meta-learning, develops algorithms that quickly learn with few examples. Few-shot learning can predict
the demand of new products that have less sales record based on the patterns of the existing products.
Task-agnostic The task-agnostic meta-learning finds generic inductive biases that are suitable in various
contexts of supply chains. Multi-task learning is a joint training of related tasks, in that representations
are jointly trained and knowledge is transferred in both directions. The mutual improvement is possible
with the help of joint training on demand forecasting, optimizing inventory and selecting suppliers, as
one can see the common patterns. Selective sharing mechanisms and meticulously gauged task
relatedness are important in negative transfer risks.

Separable Optimization: Quantum Computing

Quantum computing totes imagination of the optimization of troublesome supply chain problems that
are not solvable by a classical computer. Quantum annealing solves combinatorial optimization such as
vehicle routing, facility location as well as network design. Premature applications show promise of
superior solution or faster computation of a given problem category. Quantum machine learning
algorithms are applied to learn more using quantum superposition and quantum entanglement. The
quantum support vector machines and quantum neural networks demonstrate theoretical benefits when
applied to particular learning tasks. Further refinement of quantum hardware is necessary to achieve
practicalization of more mature quantum hardware, with sufficient qubit number, coherence time and
error correction. Hybrid quantum-classical algorithms are a venture of quantum and classical
orchestration and pre/post-processing of particular subproblems. Variational quantum algorithms can
optimize quantum circuits using classical outer loops to make good use of practical value on near-term
quantum computers. Applying quantum optimization to individual elements of bigger classical
programs is researched as supply chain applications.

3.7 Implementation Problems and Factors of Success.

Organizations have big hurdles in the implementation of Al and blockchain in supply chains even
though it promises a great deal. Jurisdictions in barriers and enablers also make deployment strategies
more realistic and create the proper expectations.

Information Excellence and Accessibility

The quality, quantity, and the relevancy of training data are essential in machine learning and deep
learning performance. Most organizations do not have access to clean and integrated historical data that
will be useful in training a model [79-81]. The traditional systems store the information in different
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incompatible formats in disaggregated databases. Lacking data, broken identifiers and the errors in
record keeping corrupt data which have to undergo a lot of preprocessing before useful work.
Infrastructure on data collection such as IoT sensors, tracking and records of transactions is expensive
to invest in. The business SMs especially have a very difficult time paying wholesales to capture all
data captured in their operations. Organizations tend to store operational data without analytical
considerations even when the infrastructure exists and therefore the datasets do not contain important
attributes or granularity as intended in applications. There are extra burdens in labeling requirements
used to facilitate supervised learning. Demand forecasts mandate bound actuals of history which are
consistent with causal factors, inventory control must have correct cost parameters and service level
targets, and quality control requires well labeled flawed samples. Labeling costs are usually higher than

the model development costs, especially in specialized fields that need the subject matter expertise.

Table 1: Machine Learning and Deep Learning Techniques in Supply Chain Management

Sr. Application Primary Key Main Implementation Future
No. Domain Technique Algorithm/Method Tool/Platform Challenge Direction
1 Demand Ensemble Random Forests, Python scikit-learn, Feature engineering  Probabilistic
Forecasting Learning Gradient Boosting, XGBoost library complexity forecasting with
XGBoost uncertainty
quantification
2 Demand Deep Learning LSTM, GRU, TensorFlow, Sequential data Attention
Planning Transformer PyTorch preprocessing mechanisms for
interpretability
3 Inventory Reinforcement Deep Q-Networks, OpenAl Gym, Reward function Multi-agent
Optimization Learning Policy Gradients Stable Baselines design coordination
4 Supplier Classification Support Vector scikit-learn, Keras ~ Multi-criteria Fairness-aware
Selection Machines, Neural optimization algorithms
Networks
5 Quality Control Computer Vision  Convolutional Neural TensorFlow, Training data Real-time
Networks OpenCV collection inspection
integration
6 Defect Deep Learning ResNet, EfficientNet, PyTorch, Class imbalance Few-shot
Classification Vision Transformers TensorFlow handling learning for rare
defects
7 Logistics Optimization Reinforcement OR-Tools, Gurobi Dynamic constraint ~ Real-time
Routing Learning, Genetic handling adaptive routing
Algorithms
8 Predictive Time Series LSTM, Prophet, Prophet library, Sensor data Remaining useful
Maintenance Analysis ARIMA statsmodels integration life prediction
9 Price Machine Random Forests, Custom Dynamic market Personalized
Optimization Learning Neural Networks implementations modeling pricing strategies
10 Fraud Detection =~ Anomaly Isolation Forests, scikit-learn, False positive Graph-based
Detection Autoencoders PyTorch management detection
11 Customer Clustering K-Means, DBSCAN, scikit-learn Optimal cluster Dynamic
Segmentation Hierarchical Clustering determination segment
evolution
12 Warehouse Optimization Clustering, Association  Custom algorithms  Real-time inventory =~ Reinforcement
Slotting Rules changes learning for
dynamic slotting
13 Transportation Classification Decision Trees, Neural  scikit-learn Multi-objective Sustainability
Mode Selection Networks balancing integration
14 Lead Time Regression Gradient Boosting, XGBoost, Supplier variability ~ Uncertainty
Prediction Neural Networks LightGBM quantification
15 Capacity Forecasting LSTM, Prophet, TensorFlow, Long-horizon Scenario-based
Planning XGBoost Prophet prediction planning
16 Returns Classification Logistic Regression, scikit-learn Data sparsity Root cause
Prediction Random Forests analysis
17 Document Natural BERT, GPT, Named Hugging Face Domain adaptation =~ Multi-modal
Processing Language Entity Recognition Transformers document
Processing understanding
18 Sentiment Text Analytics BERT, RoBERTa Hugging Face, Context Emotion
Analysis spaCy understanding detection
19 Network Design ~ Graph Analytics ~ Graph Neural PyTorch Scalability to large ~ Dynamic
Networks Geometric, DGL networks network
adaptation
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20

21

22

23

24

25

Risk Assessment

Procurement
Automation
Energy
Optimization
Production
Scheduling

Packaging
Optimization
Collaborative
Forecasting

Predictive Ensemble Methods, Custom Rare event Causal inference

Modeling Deep Learning implementations prediction integration

NLP and ML Entity Recognition, Custom pipelines Unstructured data Automated
Classification handling negotiation

Time Series LSTM, Prophet TensorFlow, Multi-facility Carbon footprint

Forecasting custom tools coordination integration

Optimization Reinforcement Gurobi, custom RL  Complex constraint ~ Digital twin
Learning, Mixed- agents satisfaction integration
Integer Programming

Computer Vision ~ CNNs, Object TensorFlow, Real-time Sustainable
Detection YOLO processing material selection

Federated Distributed ML, TensorFlow Privacy Blockchain

Learning Privacy-Preserving Federated, PySyft preservation integration
Algorithms

Technical Expert and Talent Deficiencies

The implementation of Al and blockchain needs multiple skills such as data science, software
engineering, blockchain architecture, and domain knowledge to be performed successfully.
Organizations have problems recruiting and retaining such interdisciplinary talent skill combinations.
Technological firms with higher pay and high-profile projects rob the system of the traditional supply
chain organizations of talents [82,83]. Training programs are challenged by the fact that change in
technology is far-paced and internal mentoring is not available. Internet classes give beginners a ground
but lacking in the details of deployment of production. Educational institutions are churning out
graduates who have a great theoretical base and little practical experience in the supply chain settings
and real world and need to acquire as much experience in the workplace as is possible. Collaboration
with technology providers, consultants, or research centres can be used to overcome the knowledge gaps
but create dependencies and challenges in the exchange of knowledge. Proprietary platforms will cause
vendor lock in risks, whereas open-source will necessitate the maintenance and continued development
of expertise in-house.

Legacy Systems Integration

Current enterprise systems such as ERPs, WMSs, and TMSs are integrated with important operational
information and business logic that have been decades old. The replacement of these systems just to
adopt an Al or blockchain is not economically viable and disruptive to their operations. The integration
solutions should be able to support the limitations of legacy systems such as a poor API coverage, and
data exporting in batches, and data schema rigidity. Middleware between Al/blockchain
implementations and legacy services introduce both the complexity, performance overhead, as well as
other failure points. The problem of data synchronization is experienced because systems may be
synchronized to disparate timestamps or consistent identifiers. Master data management programs are
trying to solve these discrepancies but they need a huge amount of organization effort other than the use
of technology.

Strategies of gradual migration start with non-critical use cases and prove the value first and apply it to
the core processes. Similar actions of innovative and old systems can be devised, which should allow
proving and gain confidence prior to transition. Nevertheless, dual systems are expensive and complex
to maintain, and delays the realization of values.

Change Management of an Organization

The implementations of technology fail and work depending on how the organization will adopt it and
not only in the functionality of the technology. The resistance is brought about by concerns of workforce
in terms of job displacement, skill obsolescence, and transformed work practices. Middle management
can be against data-based decision making which limits discretionary powers or performance weakness.
Change management programs, in dealing with resistance by means of communication, training and
alignment of incentives demand a lot of effort and the commitment of the executive. The enthusiastic
early adopters can provoke the value and create in-house champions. Organization success stories are
more persuasive than an outside case study.
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Fig 4: ROI Timeline and Payback Period

Fig. 4 illustrates cumulative return on investment over twelve quarters with confidence intervals
representing projection uncertainty. Machine Learning achieves break-even fastest at quarter 5 (15
months), making it attractive for organizations seeking rapid returns. Deep Learning requires longer
investment periods, breaking even at quarter 7 (21 months) due to higher initial infrastructure and
expertise costs. By year three, integrated approaches deliver 240-270% ROI despite higher upfront
investments, justifying comprehensive transformation strategies for organizations with long-term
perspectives.

Technology deployment comes with process redesign which takes a fresh look at the way the work is
done to make the best use of a new capability instead of automating old work. The business process
reengineering involves cross-functional cooperation, profound processual knowledge, and readiness to
question the set methods. Technology deployments suffer from a lack of depth but can only offer the
superficial gains of process redesign in the absence of process redesign.

Uncertainty on costs and Return on Investment

Implementations of Al and blockchain are expensive to start up with the requirement of infrastructure,
software licensing, development cost and organizational change initiatives. The initial deployment of
the system is likely to be uncertain in terms of return on investment because of the presence of the
learning curve, unexpected difficulty and a step-by-step maturation of capabilities. Business cases need
to have clear ROI required by the CFOs and investment committees, but it is hard to quantify the benefits
of improved visibility, reduced risks, or improved sustainability. Limited deployment scope in form of
modular deployment strategies lowers start-up investment and risk and provides quicker time-to-value.
Bringing together proof-of-concept projects confirms the technical feasibility and measures the benefits
prior to engaging in the enterprise-wide implementations. The models used in reducing capital needs
via operation costs are cloud-based solutions and software-as-a-service models. Value capture
necessitates long-term capability development after its deployment. The organizations that work
towards gaining competitive advantage constantly develop models, widen applications and combine
new data sources. Such continued investment and focus is the what separates those leaders who produce
transformative impact and those that fail in their pilot projects.

Interoperability and Standardization

The ecosystems of the supply chains have various organizations having various technology platforms,
data standards and business processes. Interoperability is missing and unable to have end-to-end
visibility and coordination. Specialized standards take a long time to develop, developed as part of a
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consortium network that can strike a balance between competing interests and prevent a hostile form of
lock-in to a given technology. The API standardization work such as GS1 EPCIS, WMS standards and
transport APIs can be used to integrate but has poor adoption due to high cost of implementation and
competition. The issue regarding blockchain interoperability is especially difficult in connection with a
variety of consensus mechanisms, smart contracts languages, and platform data models. Ecosystems of
platforms where the players of the market are dominant and dictate standards may also hasten adoption,
however, at the cost of monopolization and limitation to innovations. Mandatory requirements on
standardized data transfer of particular areas such as food safety or drug trackability impetigate adoption
of ICT but might not manifest in less-regulated settings.

3.8 Sustainability and Circular Economy Makeable

The supply chain strategies are gradually being influenced by the laws of environmental sustainability
and the principles of circular economy [28,84-86]. The Al and blockchain technologies allow taking the
sustainability performance to a new level, providing the capability of greater visibility, optimization and
verification.

The Tracking and Reduction of a Carbon footprint

Carbon emissions models through machine learning forecast the activities involved in the supply chain
such as manufacturing, transportation, and warehousing. The predictive models are estimated on the
emissions under other strategies, and they show the new possibilities to reduce emissions through mode
changes, reducing the network, or making a different supplier choice. The cost-minimizing emission
algorithms are paid with a cost and service constraint, or cost-minimizing emission algorithms are paid
with an emission limit. Carbon accounting, regulatory compliance, and sustainability reporting
Blockchain means clear and irreplaceable records of emissions that are indispensable in this area. [oT
sensors are used to record the real energy usage and emissions measures with blockchain storing
measurements and averting manipulation. Multi-tier emissions tracking assigns carbon footprints on
individual suppliers, processes and transportation sectors providing a way to implement granular
improvement efforts. Blockchain based fraud prevention, automation and transparency are useful in
carbon credit markets. Smart contracts are used to automate issuance of credits when the emission
reductions are verified, trade of the credits at a fraction, and to bind retirement on compliance-use.
Credits are liquid in the secondary markets which are conducted via tokenization credits which help
organizations to trade in the market efficiently. Fraudulent credit claims or double-counting are
determined by machines based on pattern analysis of distributed ledgers.

Waste Minimization and Circular Economy

Accuracy in demand forecasting would help mitigate the wastage occasioned by overproduction,
obsolescence and spoilage [87,88]. Machine learning applications using real-time indicators achieve
lower error in forecasting than traditional applications, which allows managing inventory tight and also
lowering safety stocks. Reinforcement-learning based dynamic pricing algorithms are revenue
maximizing and waste reduction strategies since they coordinate the use of markdowns to avoid surplus
inventory. Product passports facilitated by blockchain have the complete material composition, and
through this, they can be properly recycled, refurbished, and remanufactured to promote proper
recycling, refurbishment, and remanufacturing. The disclosure of valuable materials, hazards, and
facilities of disassembly are considered on the end-of-life processing facilities, which have access to
passport data. Checking the recycled content through blockchain will provide the verification of
compliance with the requirements of recycled materials and avoid greenwashing.

Reverse logistics optimization uses machine learning in measuring the condition of the product,
detecting the frauds of returns and making the best decisions on disposition. Products returned are
inspected using computer vision that is used to categorize condition and defect. The predictive models
are used to get the estimations of the refurbishment cost and residual value and whether the item should
be resold, refurbished, re-used or disposed. Circular flows in marketsplace platforms between supply
and demand of refurbished products or secondary materials.
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Social responsibility and ethical Sourcing

Traceability of blockchain creates ethical sourcing claims such as minerals sourced in conflict areas,
fair labor, and agricultural products without deforestation. Chain of custody is registered in immutable
records since the beginning to final goods. Organizational certification past record audits and
compliance attestations are stored in blockchain which can be verified later by downstream buyers
without auditing twice. To ensure the evaluation of social and environmental threats, machine learning
can analyse various sources of data such as satellite images, news articles, polls of workers, and supplier
reports. Natural language processing identifies incidents in the news of the instances of deforestation or
illegitimate too large expansions of the technologies. The scores of risks combine a variety of signals to
indicate a supplier that will need extra due diligence or remediation. Workers welfare validation uses
the identity system based on blockchain technology where workers report directly on the conditions,
wages, and grievances. Decentralized identity stops the power of employers to coerce or rigorously
change records. Smart contract payment of the worker in the unbanked population will also ensure that
they are paid in time and the chances of exploitation are minimized. Nevertheless, it should be
implemented with due care to privacy, security and control of workers through surveillance should be
avoided.

Sustainable Product Design

Machine learning processes the data on the lifecycle of products that create design characteristics which
correlate with sustainability performance. Within generative design algorithms, product configurations,
which minimize environmental footprint under functional and cost constraints, are proposed [89-91].
Recommendations of material substitution use databases of material properties, environmental impacts
as well as supplier availability. Digital twins are environmental simulations of a product at the lifecycle
phases in various environments of use. Modelling of design alternatives is done prior to physical
prototyping by manufacturers which saves waste in design development and speeds up sustainable
design development. The design decisions the environmental impact assessment, and compliance
attestations are listed in blockchain records, which helps to offer the extended producer responsibility
and the eco-labeling programs.

3.9 Risk Management and Resilience.

The ability to anticipate, absorb, adapt, and recover in case of any disruptions, also known as supply
chain resilience, is becoming more and more important in the face of the increasing number of
uncertainties [36,92-94]. The technologies of Al and blockchain make the process of becoming more
resilient due to better visibility of risk, quicker mitigation response, and joint effort.

Risk Detection and Early Warning

Machine learning algorithms analyse a variety of signal types financial performance of suppliers,
geopolitical trends, weather conditions, and market trends and determine the chances of supply
disruptions. Early warning mechanisms indicate the presence of risks days or weeks before the effects
are actualized, and the facilitation is therefore reacted to. Anomaly detection determines abnormalities
in supplier communications, fulfilment orders, or quality measurements of problems that could exist.
Another type of natural language processing measures news, the social media and regulatory
announcements to determine new risks. Topic modeling will identify new risk themes whereas sentiment
analysis will identify the severity and urgency. Named entity recognition identifies risks associated with
a particular supplier, region or product and allows focused risk evaluation and response.

Network analysis also finds systemic vulnerabilities such as single-source dependencies that are critical,
geographical concentration, and the failure paths. Graph neural networks simulate the propagation of
disruptions through supply networks to measure exposure to dictate diversification. Scenario analysis
measures the resilience to other realizations of risk, and measures investments that enhance the
performance to various types of disruptions.
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Transparency and Visibility of Supply Chain

Multi-level networks of suppliers, information asymmetry, absence of standardized data transfers
prevent most organizations to have end-to-end visibility. With blockchain, maximum visibility is
possible, having common immutable access to the entire network by every participant. All the
stakeholders synchronise events in their respective positions in the network and construct global supply
chain perspectives that could not have been created with bilateral sharing of information. IoT sensor
integration such as condition monitoring, real-time location tracking and event detection are offered.
Shipment locations and transit times are tracked with the help of GPS trackers, whereas the temperature,
humidity, and shock sensors make sure that the sensitive products are handled appropriately. The sensor
data are also stored in blockchain in an immutable state, allowing to demonstrate the compliance with
the requirements on handling the sensor data and make insurance claims or prove the liability in case
violations have taken place. Access controls are tiered controls to optimize the relationship between
transparency and confidentiality. Public layers are those layers that offer traceability to the consumer
and private layers are those layers that hold sensitive business information so that only the authorized
participants can access them. Zero-knowledge tests allow checking the validity of certain assertions
(e.g. organic certification) without knowing the transaction details between the entity or relationships.

Business Recovery and Fast Rescue

Scenario planning uses machine learning to come up with a wide range of disruption scenarios based
on the past trends and the future threats [95-97]. In both cases, digital twins model operations in a supply
chain, making it simulate its performance and assess the current state strategies and their weak points.
Companies come up with playbooks that give directives on what should be done when confronted with
various elements of disruption, which saves the decision making time when faced with actual
eventualities. In response systems automated by learning, reinforcement learning is used to identify
effective methods to recover by means of simulated recovery. In the cases of disruptions, the systems
swiftly consider such possibilities as alternative suppliers, expedited transportation, demand allocation,
or production prioritization. The blockchain records execution of multi parties responses according to
which all parties act based on regular information and established strategies. Taking into consideration
supplier relationship management systems, detailed supplier capability profile, capacity availability,
qualification status and performance history are maintained. In the case of disruptions that involve a
need to replace the supplier, machine learning can quickly find appropriate substitutes based on the
capability fit, capacity availability and switching costs. Settlement arrangements on contingency
agreements made on blockchain assure fast activation in the case of contingencies without having to go
through the long negotiations process.

Compliance and Audit Regulatory

The compliance rules that cover safety, quality, environmental and trade laws present high
administrative burdens. Blockchain appears to automate compliance records based on the immutable
records of transactions, thus lowering the manual reporting and preparation of audits [97-99]. Smart
contracts impose compliance requirements in a programmable manner, meaning that non-compliant
transactions are prevented, and it does not only become manifest post-facto that compliance has been
violated. Machine learning processes regulatory text with natural language processing and derives
requirements, and one can determine their applicability to an individual product, process, or jurisdiction.
Automated monitoring measures operational data of the system with the extracted requirements that
indicate the occurrence of non-compliance risks. The regulatory change management systems monitor
regulation changes, evaluate the effect of the changes and suggest the required changes in process or
documentation. Blockchain audit trail completeness and immutability significantly lowers the audit time
and cost. Blockchain queries verify compliance by the auditors instead of sampling and manual
verification. The implementation of smart contract logic has allowed auditors to have transparency on
the implementation of business rules that are applicable through efficient control assessment.
Permissioned blockchain access allows external auditors to have unending access to audit networks, as
opposed to doing it at regular point-in-time intervals.
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3.10 Future Research Fortune Telling and Opportunities.

The discipline is still accelerating its evolution and innovating several fruitful research options that
address the constraints that exist nowadays, introduce new applications, and respond to new demands.

Ethical and Responsible Al

The adoption barriers in the supply chains created by black-box machine learning models involve
situations where a decision needs to be justified to the stakeholders, regulators or persons concerned.
Explainable Al studies form interpretable models and post-hoc explanation algorithms disclosing
decision reasons. Deep learning attention mechanisms can give an intuitive understanding of the
predictions by revealing which input features have the strongest influence on the prediction. Local
explanation techniques such as LIME and SHAP model the unknown behavior of complex models based
on efficient interpretable surrogate models. Equity in supply chain Al will deal with possible cracks in
the selection, pricing, allotment of resources, and in managing the labor force. The technique to detect
bias establishes instances when models make systematically different results to the safeguarded groups.
Training fairness limits the accuracy and fair treatment. But to establish fairness in supply chains, one
must take due consideration of the fair supply chain factors as considered legitimate business versus the
unhelpful discrimination. Adversarial resilience enhances Al machine resistance in the case of
intentional manipulation. Similarly, the supply chain competitors may insert counterfeit data, distort
sensor values or design some inputs in order to elicit a specific response in the model. Adversarial
training, defensive distillation and input validation are used to improve robustness. The verification
techniques are used to give assurances concerning the behavior of the model in case of a perturbation,
which is useful in safety-critical uses.

Security of Blockchain gender quantum-resistant

Quantum computers pose a risk to the existing blockchain cryptographic principles. The algorithm
created by Shor will allow quantum computers to crack both elliptic curve and RSA encryption,
weakening the encryption tools of digital signatures and hashing found across the blockchain networks
[6,100-103]. Quantum-resistant cryptography uses lattice-based schemes, hash-based schemes, and
multivariate polynomial cryptography scheme based on multivariate polynomials that are hard to attack
with known quantum levels. The process of transition planning of quantum resistance is delicate due to
blockchain immutability. Gradual migration paths are offered by the hybrid signature schemes that are
a combination of a classical and quantum-resistant scheme. Dependence on changes of address and key
format required by quantum resistance is an issue of change on current systems and integration layers.
Standards bodies within an industry standardize it which hastens adoption but guarantees
interoperability [104-106]. The implications of cryptography are not the only post-quantum blockchain
research. Quantum-safe consensus, proof systems based on zero-knowledge, and secure multi-party
computation have to be developed and proven correct. Quantum-resistant cryptography has
performance consequences such as larger size of signature and slower verification that demand
architectural changes that ensure blockchain remains viable.

Fig. 5 quantifying compatibility and value multiplication when combining technologies. The
Blockchain-IoT combination scores highest (90/100), perfect for traceability applications requiring both
physical sensing and digital verification. ML-DL synergy reaches 85/100 through complementary
algorithmic capabilities. Cloud computing enables all technologies with consistent 75-85 synergy
scores. The lower ML-Blockchain synergy (65/100) is increasing through innovations like federated
learning, indicating evolving integration patterns.
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Table 2: Blockchain Applications and Integration Opportunities in Supply Chain Management

Sr. Application  Blockchain Key Integration Primary Implementati Opportunit Future
No Area Type Technology Platform Benefit on Barrier y for Developmen
Component Enhanceme t
nt
1 Product Permissioned Distributed Hyperledger End-to-end = Multi-party 10T sensor Al-powered
Traceability Ledger, Fabric, visibility coordination integration anomaly
Smart VeChain detection
Contracts
2 Provenance Public/Hybrid Immutable Ethereum, Consumer Scalability NFT-based Cross-chain
Verification Records, Polygon trust limitations certificates interoperabil
Cryptographi ity
¢ Hashing
3 Payment Permissioned Smart Corda, Ripple  Settlement Regulatory DeFi Central bank
Settlement Contracts, speed 80% uncertainty integration digital
Tokenization faster currencies
4 Quality Consortium Smart Hyperledger Tamper- Data ML quality ~ Automated
Assurance Contracts, Fabric proof standardizatio  prediction compliance
Oracle records n
Integration
5 Supplier Consortium Digital Sovrin, uPort ~ Reduced Identity Risk scoring  Continuous
Verification Identity, due management integration monitoring
Credential diligence
Verification
6 Inventory Private Token-based  Custom Real-time Legacy ML demand  Autonomous
Management Tracking, implementati  accuracy system forecasting inventory
State ons integration
Channels
7 Carbon Public Tokenization, Ethereum, Market Credit Emission Automated
Credit Smart Polygon transparenc  verification prediction compliance
Trading Contracts y models
8 Contract Permissioned Smart Ethereum, Automated Legal NLP Self-
Management Contracts, Hyperledger execution enforceability ~ contract negotiating
Digital analysis contracts
Signatures
9 Recall Consortium Traceability, ~ VeChain, Surgical Data Predictive Al impact
Management Rapid Query  IBM Food recall granularity quality prediction
Trust precision control
10 Customs Consortium Document TradeLens, Processing Cross-border ~ Automated  Regulatory
Clearance Verification, we.trade time coordination documentati  harmonizatio
on n
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Coordination
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Reporting
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paperwork
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Al route
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Skill
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monitoring
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29

30

Trade
Finance

After-Sales
Service

Consortium Letter of we.trade, Processing Bank Credit risk Automated
Credit, Smart ~ Marco Polo speed participation Al trade
Documents improvemen assessment matching
t
Private/Consorti ~ Service Custom Warranty Repair Predictive Automated
um History, Parts  implementati  fraud network maintenance  spare parts
Authenticatio  ons reduction integration Al ordering
n

Distributed Intelligence and Edge Computing

Edge computing moves processing to move processing nearer to data sources minimizing latencies,
bandwidth, and privacy issues. Warehouse robots with onboard computer vision, delivery vehicles with
autonomous route technologies, and intelligent products with embedded intelligence are some of the
supply chain edge applications [107-109]. The approaches to distributed learning such as federated and
split learning allow model training on edge devices and they do not necessarily centralize data.
Compression models such as quantization, pruning and knowledge distillation compress model sizes to
make it possible to run on limited resource constrained edge devices. Neural architecture search learns
small architectures that are optimized in respect to edge hardware limitations. Neuromorphic and
hardware accelerator hardware such as TPU and neuromorphic chips can be used to inference in edge
environments. Balance in hierarchical learning architectures ED systems strike a match between edge
processing resources and cloud resources. Real time processing is done on edge devices which make
periodic updates with models in the cloud which have greater context and bigger training datasets.
Continuous learning allows the models the ability to adapt to the local conditions without destroying
what they learned previously. Privacy preserving methods enable edge devices to offer to the
collaborative learning and maintain local data.

Collaboration and Augmentation of Human-Al

Instead of fully replacing the human decision-maker, Al systems are becoming more of a human
enhancer in terms of collaborative human intelligences. In interactive machine learning, domain experts
can also provide directions to the training of models with measures of labeling examples, engineering
features and specifying constraints. Active learning picks out information relevant examples to be expert
labeled so as to make the most use out of constrained annotation budgets. Explainable recommendations
offer the decision-makers with Al recommendations, supporting evidence and alternatives. Human
beings are granted with the final decision making power with the results of Al analysis and pattern
recognition. Confidence and uncertainty indices can assist humans in deciding when they can trust Al
advice and when they should exercise their judgment. The Skill evolution under Al-augmented supply
chains deals with the development of the workforce. Employees move away with the normal transaction
processing into exception management, strategic directions, and system management. Workers are
taught to work in a collaboration setting where their focus is on making judgment, creativity, and
empathy as opposed to performing routinized duties during training programs. IT career paths offer
career development in AIG-powered settings.

Inter-industry Knowledge Transfer

An innovation in the supply chain of one sector is likely to be translated into other sectors that may be
undergoing the same predicament. Pharmaceutical traceability requirements are similar to other
regulated industries that have healthcare supply chains. The automotive logistics complexity has other
industries whose products are modular and those whose suppliers have complex networks. Food and
beverage industries are located on the side of the agricultural supply chain sustainability efforts made.
Learning across industry has not been yet well developed in systematic ways. Repositories of knowledge
and/or implementations, lessons learned and transferable practices could be said to hasten
implementation. The industry consortia also promote the sharing of knowledge whilst balancing
competitive issues by scoping closely collaborative versus competitive space. Finding by scholarly
literature synthesizing all tendencies across the industries shape implications of transferability against
normative practices.
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Overall Governance and Regulatory Frameworks

Regulatory development determines the trends of Al and blockchain use. Data regulation laws such as
GDPR impact on the machine learning applications that manipulate personal data [110-111]. The Als
laws that have come out in various jurisdictions involve transparency, accountability, and liability.
Regulations of blockchain include the classification of tokens, enforceability of smart contracts, and
intercountry data transfer. Self-regulation in the industry in form of standards, best practice, and
certification programs supplements government regulation. Such consortia as Global Blockchain
Business Council and Responsible Al Institute create frameworks of how to do it. Still, this will end up
in confused and compliance burdens with no obvious authority or enforcement mechanisms. Scientific
studies into the effect of regulation, ideal regulation design, and implementation of regulatory
technology informs good governance. The development of Al systems to aid the regulatory compliance
with automated monitoring, reporting, and generation of audit trails can become an increasing
opportunity. Regulatory sandboxes allow implement experimental trials with new methods, striking
tourism between the encouragement of innovation and the control of risk.

4. Conclusions

Machine learning, deep learning, blockchain technologies are innovative forces that transform the
supply chain management in all aspects including planning and procurement, production, distribution,
and after sales services. The synthesis of this overarching review is that existing capabilities,
implementation experiences as well as future prospects of these interrelated technologies have both
spectacular package advancements and expansive potentials of even greater development. In both
demand forecasting, inventory optimization, quality control and logistics strategy, machine learning has
evolved beyond the experimental to the production implementations that provide quantifiable value.
The ability of the technology to derive insights out of large volumes of data, detect complicated trends,
and make precise forecasts is a solution to inherent supply chain issues that have limited supply chain
performance over the decades. Deep learning builds on these functions by using advanced neural
designs in learning unstructured data such as images, text, and sensor streams autonomously feature
learning. Computer vision application can provide automated inspection and automation of the
warchouse, natural language processing can be used to revolutionize document processing and
communication analysis, and recurrent networks and transformers are great at sequential predictions
and contextual interpretation. This adds supplementary value built on distributed trust infrastructure
which is brought about by blockchain technology leading to unprecedented levels of transparency,
traceability and multi-party coordination. Verifiable provenance Attestable records of transactions give
impartial protection until customary practices to prove regulatory compliance, consumer confidence,
and sustainability and performance. The execution of business logic can occur in Smart contracts and
intermediaries can be minimized and settlements can be faster than before and compliance may occur
programmatically. The idea of tokenization develops new systems of representing and transferring value
such as inventory, capacity, carbon credits, and ownership rights.

The combination of these technologies leads to synergies that are more than that of the technology. Use
of machine learning algorithms on blockchain-based trusted data creates more reliable outputs and
blockchain networks authenticate and authenticate AI model outputs and make decisions. The federated
learning models use blockchain to provide privacy-sensitive collaborative intelligence between rival
organizations. Combination of Al simulation possibilities with blockchain data integrity is referred to
as digital twins which allow comprehensive monitoring of supply chains, supply chain optimization and
analysis of the situation. The autonomous systems of orchestration organize the work of many parties
through intelligent decision-making using Al and implemented in blockchain smart contracts. The
implementation experiences have shown both positive and negative occurrences that influence the
deployment strategies. Organizations whose rivals are gaining competitive edge invest more than the
on-off pilots in the continuum capability building by incorporating technologies in the core business
processes, but not as peripheral applications. Such factors as the executive commitment, cross-
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functional team work, meticulous change management, and realistic expectations setting concerning the
timelines and learning curves should be singled out as the success factors. Difficulties continue to
surround the issues of data quality and data availability, lack of technical expertise, complexity of
integration with legacy systems and resistance to change within the organization. The small and medium
enterprises are also known to have certain barriers that need specific solutions with the focus on
incremental adoption, cloud-deployment models and industry collaboration as a co-shared
infrastructure. Sustainability comes out as an imperative force and recipient of smart supply chain
systems. Al optimization and blockchain verification can be used in carbon footprint monitoring, the
development of circular economy, lessening waste, and ethical sourcing. Nevertheless, the achievement
of the sustainability potential needs a conscious design taking into account environmental goals and
old-fashioned cost indicators as well as service indicators. Sustainability transparency is being gradually
required by regulatory frameworks, providing both compliance requirements and competitive
differentiation prospects of organizations having advanced capabilities.

The issue of resilience has been on the rise after the recent catastrophes that have led to exposure of
weaknesses in the supply chain. Intelligent early warning systems, anticipated (and actual) strategy, and
the ability to respond quickly to disruptions are strengthened using Al. The impact assessment and
coordinated action of recovery is easy with blockchain-controlled visibility and can be done quickly.
But resilience goes beyond technology and has to incorporate network diversification, positioning the
strategic inventory in place, and collaborative relationship, which technology facilitates, but does not
replace. The directions of future research include technical innovation, implementation science, and
strategic implications. Explainable Al creation addresses the adoption challenge of effecting black-box
models opaqueness and comes with the ability to conduct fairness audit and reduce bias. Cryptography
Blockchain in post-quantum computing environments is defensible to quantum-resistant cryptography.
With edge computing and distributed intelligence, real-time processing can be done in addition to
privacy and latency issues. The human-Al collaboration models acknowledge that an intelligent
interaction between human judgment and Al potentials is often the most effective performance as
opposed to complete automation. When knowledge is transferred across industries, the pace of learning
is enhanced with respect to innovative application and lesson redundancy is minimized. The process of
regulatory evolution influences the adoption patterns, and studies regarding optimal governance
framework that can regulate innovation promotion and adequate risk management are required. The
supply chain management industry is at a crossroad wherein technology power, business needs, and
social demands meet to execute basic change. The adoption of intelligent, transparent, and sustainable
supply chain systems in organizations is becoming the rule of competition in the decade. The
development of academics that improves the functionality of algorithms, methods of implementation,
and strategic systems, will make this possible and offer technological implementation to human
prosperity, environmental protection, and fair prosperity. The move toward complete demonstration of
next-generation supply chains by the existing capabilities involves long term commitment, ongoing
learning and joint innovation one that entails the technology developers, industry practitioners,
academic scholars and influencing policy-makers. This review forms a holistic basis of that multifaceted
effort, compiling existing wisdom but setting direction through to an intelligent, sustainable and resilient
future in supply chain.

Author Contributions

SC: Conceptualization, resources, visualization, writing original draft, writing review and editing, and
supervision. NLR: Conceptualization, study design, analysis, resources, visualization, writing original
draft, writing review and editing, and supervision.

Conflict of interest

The authors declare no conflicts of interest.

565



International Journal of Applied Resilience and Sustainability, Volume 2, Issue 2, February 2026, pp. 537-571

References

[1]
[2]
[3]

[4]

[7]

(8]

[11]

[12]

[13]

[14]

[15]

[16]

[17]

[18]

Mohsen BM. Impact of artificial intelligence on supply chain management performance. Journal of Service Science and
Management. 2023 Feb;16(1):44-58. https://doi.org/10.4236/jssm.2023.161004

Charles V, Emrouznejad A, Gherman T. A critical analysis of the integration of blockchain and artificial intelligence for
supply chain. Annals of operations research. 2023 Aug;327(1):7-47. https://doi.org/10.1007/s10479-023-05169-w
Zamani ED, Smyth C, Gupta S, Dennehy D. Artificial intelligence and big data analytics for supply chain resilience: a
systematic literature review. Annals of Operations Research. 2023 Aug;327(2):605-32. https://doi.org/10.1007/s10479-
022-04983-y

Riad M, Naimi M, Okar C. Enhancing supply chain resilience through artificial intelligence: developing a comprehensive
conceptual framework for Al implementation and supply chain optimization. Logistics. 2024 Nov 6;8(4):111.
https://doi.org/10.3390/logistics8040111

Sharma R, Shishodia A, Gunasekaran A, Min H, Munim ZH. The role of artificial intelligence in supply chain
management: mapping the territory. International Journal of Production Research. 2022 Dec 17;60(24):7527-50.
https://doi.org/10.1080/00207543.2022.2029611

Richey Jr RG, Chowdhury S, Davis-Sramek B, Giannakis M, Dwivedi YK. Artificial intelligence in logistics and supply
chain management: A primer and roadmap for research. Journal of Business Logistics. 2023 Oct;44(4):532-49.
https://doi.org/10.1111/ibl.12364

Kashem MA, Shamsuddoha M, Nasir T, Chowdhury AA. Supply chain disruption versus optimization: a review on
artificial intelligence and blockchain. Knowledge. 2023 Feb 9;3(1):80-96. https://doi.org/10.3390/knowledge3010007
Modgil S, Singh RK, Hannibal C. Artificial intelligence for supply chain resilience: learning from Covid-19. The
international journal of logistics management. 2022 Oct 17;33(4):1246-68. https://doi.org/10.1108/1IJLM-02-2021-0094
Singh RK, Modgil S, Shore A. Building artificial intelligence enabled resilient supply chain: a multi-method approach.
Journal of Enterprise Information Management. 2024 Apr 22;37(2):414-36. https://doi.org/10.1108/JEIM-09-2022-0326
Attah RU, Garba BM, Gil-Ozoudeh I, Iwuanyanwu O. Enhancing supply chain resilience through artificial intelligence:
Analyzing problem-solving approaches in logistics management. International Journal of Management &
Entrepreneurship Research. 2024 Feb;5(12):3248-65.

Brintrup A, Kosasih E, Schaffer P, Zheng G, Demirel G, MacCarthy BL. Digital supply chain surveillance using artificial
intelligence: definitions, opportunities and risks. International Journal of Production Research. 2024 Jul 2;62(13):4674-
95. https://doi.org/10.1080/00207543.2023.2270719

Fosso Wamba S, Guthrie C, Queiroz MM, Minner S. ChatGPT and generative artificial intelligence: an exploratory study
of key benefits and challenges in operations and supply chain management. International Journal of Production Research.
2024 Aug 17;62(16):5676-96. https://doi.org/10.1080/00207543.2023.2294116

Singh PK. Digital transformation in supply chain management: Artificial Intelligence (AI) and Machine Learning (ML)
as Catalysts for Value Creation. International Journal of Supply Chain Management. 2023 Dec;12(6):57-63.
https://doi.org/10.59160/ijscm.v12i6.6216

Hendriksen C. Artificial intelligence for supply chain management: Disruptive innovation or innovative disruption?.
Journal of Supply Chain Management. 2023 Jul;59(3):65-76. https://doi.org/10.1111/jscm.12304

Nweje U, Taiwo M. Leveraging Artificial Intelligence for predictive supply chain management, focus on how Al-driven
tools are revolutionizing demand forecasting and inventory optimization. International Journal of Science and Research
Archive. 2025 Jan 30;14(1):230-50. https://doi.org/10.30574/ijsra.2025.14.1.0027

Jackson I, Ivanov D, Dolgui A, Namdar J. Generative artificial intelligence in supply chain and operations management:
a capability-based framework for analysis and implementation. International Journal of Production Research. 2024 Sep
1;62(17):6120-45. https://doi.org/10.1080/00207543.2024.2309309

Kosasih EE, Papadakis E, Baryannis G, Brintrup A. A review of explainable artificial intelligence in supply chain
management using neurosymbolic approaches. International Journal of Production Research. 2024 Feb 16;62(4):1510-
40. https://doi.org/10.1080/00207543.2023.2281663

Gupta S, Modgil S, Choi TM, Kumar A, Antony J. Influences of artificial intelligence and blockchain technology on
financial resilience of supply chains. International Journal of Production Economics. 2023 Jul 1;261:108868.
https://doi.org/10.1016/j.ijpe.2023.108868

Cannas VG, Ciano MP, Saltalamacchia M, Secchi R. Artificial intelligence in supply chain and operations management:
a multiple case study research. International journal of production research. 2024 May 2;62(9):3333-60.
https://doi.org/10.1080/00207543.2023.2232050

566


https://doi.org/10.4236/jssm.2023.161004
https://doi.org/10.1007/s10479-023-05169-w
https://doi.org/10.1007/s10479-022-04983-y
https://doi.org/10.1007/s10479-022-04983-y
https://doi.org/10.3390/logistics8040111
https://doi.org/10.1080/00207543.2022.2029611
https://doi.org/10.1111/jbl.12364
https://doi.org/10.3390/knowledge3010007
https://doi.org/10.1108/IJLM-02-2021-0094
https://doi.org/10.1108/JEIM-09-2022-0326
https://doi.org/10.1080/00207543.2023.2270719
https://doi.org/10.1080/00207543.2023.2294116
https://doi.org/10.59160/ijscm.v12i6.6216
https://doi.org/10.1111/jscm.12304
https://doi.org/10.30574/ijsra.2025.14.1.0027
https://doi.org/10.1080/00207543.2024.2309309
https://doi.org/10.1080/00207543.2023.2281663
https://doi.org/10.1016/j.ijpe.2023.108868
https://doi.org/10.1080/00207543.2023.2232050

[22]

[28]

[29]

[30]

[31]

[32]

[33]

[34]

International Journal of Applied Resilience and Sustainability, Volume 2, Issue 2, February 2026, pp. 537-571

Sadeghi K, Ojha D, Kaur P, Mahto RV, Dhir A. Explainable artificial intelligence and agile decision-making in supply
chain cyber resilience. Decision Support Systems. 2024 May 1;180:114194. https://doi.org/10.1016/j.dss.2024.114194
Richter L, Lehna M, Marchand S, Scholz C, Dreher A, Klaiber S, Lenk S. Artificial intelligence for electricity supply
chain  automation. = Renewable and  Sustainable = Energy = Reviews. 2022 Jul 1;163:112459.
https://doi.org/10.1016/j.rser.2022.112459

Joel OS, Oyewole AT, Odunaiya OG, Soyombo OT. Leveraging artificial intelligence for enhanced supply chain
optimization: a comprehensive review of current practices and future potentials. International Journal of Management &
Entrepreneurship Research. 2024 Mar 16;6(3):707-21. https://doi.org/10.51594/ijmer.v6i3.882

Nozari H, Szmelter-Jarosz A, Ghahremani-Nahr J. Analysis of the challenges of artificial intelligence of things (AloT)
for the smart supply chain (case study: FMCG industries). Sensors. 2022 Apr 11;22(8):2931.
https://doi.org/10.3390/s2208293 1

Tsolakis N, Schumacher R, Dora M, Kumar M. Artificial intelligence and blockchain implementation in supply chains: a
pathway to sustainability and data monetisation?. Annals of operations research. 2023 Aug;327(1):157-210.
https://doi.org/10.1007/s10479-022-04785-2

Yadav A, Garg RK, Sachdeva A. Artificial intelligence applications for information management in sustainable supply
chain management: A systematic review and future research agenda. International Journal of Information Management
Data Insights. 2024 Nov 1;4(2):100292. https://doi.org/10.1016/].jjimei.2024.100292

Naz F, Kumar A, Majumdar A, Agrawal R. Is artificial intelligence an enabler of supply chain resiliency post COVID-
19?7 An exploratory state-of-the-art review for future research. Operations Management Research. 2022 Jun;15(1):378-
98. https://doi.org/10.1007/s12063-021-00208-w

Hong Z, Xiao K. Digital economy structuring for sustainable development: the role of blockchain and artificial
intelligence in improving supply chain and reducing negative environmental impacts. Scientific Reports. 2024 Feb
16;14(1):3912. https://doi.org/10.1038/541598-024-53760-3

Wang S, Zhang H. Promoting sustainable development goals through generative artificial intelligence in the digital supply
chain: Insights from Chinese tourism SMEs. Sustainable Development. 2025 Feb;33(1):1231-48.
https://doi.org/10.1002/sd.3152

Najafi SE, Nozari H, Edalatpanah SA. Artificial intelligence of things (AloT) and industry 4.0-based supply chain (FMCG
industry). A roadmap for enabling industry 4.0 by artificial intelligence. 2022 Dec 16:31-41.
https://doi.org/10.1002/9781119905141.ch3

Ganesh AD, Kalpana P. Future of artificial intelligence and its influence on supply chain risk management-A systematic
review. Computers & Industrial Engineering. 2022 Jul 1;169:108206. https://doi.org/10.1016/].cie.2022.108206

Rashid A, Baloch N, Rasheed R, Ngah AH. Big data analytics-artificial intelligence and sustainable performance through
green supply chain practices in manufacturing firms of a developing country. Journal of Science and Technology Policy
Management. 2025 Jan 2;16(1):42-67. https://doi.org/10.1108/JSTPM-04-2023-0050

Smyth C, Dennehy D, Fosso Wamba S, Scott M, Harfouche A. Artificial intelligence and prescriptive analytics for supply
chain resilience: a systematic literature review and research agenda. International Journal of Production Research. 2024
Dec 1;62(23):8537-61. https://doi.org/10.1080/00207543.2024.2341415

Belhadi A, Kamble S, Fosso Wamba S, Queiroz MM. Building supply-chain resilience: an artificial intelligence-based
technique and decision-making framework. International journal of production research. 2022 Jul 18;60(14):4487-507.
https://doi.org/10.1080/00207543.2021.1950935

Kassa A, Kitaw D, Stache U, Beshah B, Degefu G. Artificial intelligence techniques for enhancing supply chain resilience:
A systematic literature review, holistic framework, and future research. Computers & Industrial Engineering. 2023 Dec
1;186:109714. https://doi.org/10.1016/j.cie.2023.109714

El Jaouhari A, Hamidi LS. Assessing the influence of artificial intelligence on agri-food supply chain performance: the
mediating effect of distribution network efficiency. Technological Forecasting and Social Change. 2024 Mar
1;200:123149. https://doi.org/10.1016/j.techfore.2023.123149

Hao X, Demir E. Artificial intelligence in supply chain management: enablers and constraints in pre-development,
deployment, and post-development stages. Production Planning & Control. 2025 Apr 26;36(6):748-70.
https://doi.org/10.1080/09537287.2024.2302482

Jauhar SK, Jani SM, Kamble SS, Pratap S, Belhadi A, Gupta S. How to use no-code artificial intelligence to predict and
minimize the inventory distortions for resilient supply chains. International Journal of Production Research. 2024 Aug
2;62(15):5510-34. https://doi.org/10.1080/00207543.2023.2166139

567


https://doi.org/10.1016/j.dss.2024.114194
https://doi.org/10.1016/j.rser.2022.112459
https://doi.org/10.51594/ijmer.v6i3.882
https://doi.org/10.3390/s22082931
https://doi.org/10.1007/s10479-022-04785-2
https://doi.org/10.1016/j.jjimei.2024.100292
https://doi.org/10.1007/s12063-021-00208-w
https://doi.org/10.1038/s41598-024-53760-3
https://doi.org/10.1002/sd.3152
https://doi.org/10.1002/9781119905141.ch3
https://doi.org/10.1016/j.cie.2022.108206
https://doi.org/10.1108/JSTPM-04-2023-0050
https://doi.org/10.1080/00207543.2024.2341415
https://doi.org/10.1080/00207543.2021.1950935
https://doi.org/10.1016/j.cie.2023.109714
https://doi.org/10.1016/j.techfore.2023.123149
https://doi.org/10.1080/09537287.2024.2302482
https://doi.org/10.1080/00207543.2023.2166139

[39]

[43]

[44]

[45]

[46]

[47]

[48]

[49]

International Journal of Applied Resilience and Sustainability, Volume 2, Issue 2, February 2026, pp. 537-571

Rana J, Daultani Y. Mapping the role and impact of artificial intelligence and machine learning applications in supply
chain digital transformation: A bibliometric analysis: supply chain digital transformation: A bibliometric analysis.
Operations Management Research. 2023 Dec;16(4):1641-66. https://doi.org/10.1007/s12063-022-00335-y

Olan F, Arakpogun EO, Jayawickrama U, Suklan J, Liu S. Sustainable supply chain finance and supply networks: The
role of artificial intelligence. IEEE Transactions on Engineering Management. 2022 Jan 4;71:13296-311.
https://doi.org/10.1109/TEM.2021.3133104

Dubey R, Bryde DJ, Dwivedi YK, Graham G, Foropon C. Impact of artificial intelligence-driven big data analytics culture
on agility and resilience in humanitarian supply chain: a practice-based view. International Journal of Production
Economics. 2022 Aug 1;250:108618. https://doi.org/10.1016/1.ijpe.2022.108618

Qi B, Shen Y, Xu T. An artificial-intelligence-enabled sustainable supply chain model for B2C E-commerce business in
the international trade. Technological forecasting and social change. 2023 Jun 1;191:122491.
https://doi.org/10.1016/j.techfore.2023.122491

Akhtar P, Ghouri AM, Khan HU, Amin ul Hag M, Awan U, Zahoor N, Khan Z, Ashraf A. Detecting fake news and
disinformation using artificial intelligence and machine learning to avoid supply chain disruptions. Annals of operations
research. 2023 Aug;327(2):633-57. https://doi.org/10.1007/s10479-022-05015-5

Dey PK, Chowdhury S, Abadie A, Vann Yaroson E, Sarkar S. Artificial intelligence-driven supply chain resilience in
Vietnamese manufacturing small-and medium-sized enterprises. International Journal of Production Research. 2024 Aug
2;62(15):5417-56. https://doi.org/10.1080/00207543.2023.2179859

Li X, Krivtsov V, Pan C, Nassehi A, Gao RX, Ivanov D. End-to-end supply chain resilience management using deep
learning, survival analysis, and explainable artificial intelligence. International Journal of Production Research. 2025 Feb
1;63(3):1174-202. https://doi.org/10.1080/00207543.2024.2367685

Aliahmadi A, Nozari H, Ghahremani-Nahr J, Szmelter-Jarosz A. Evaluation of key impression of resilient supply chain
based on artificial intelligence of things (AloT). arXiv preprint arXiv:2207.13174. 2022 Jul 18.

Naz F, Agrawal R, Kumar A, Gunasekaran A, Majumdar A, Luthra S. Reviewing the applications of artificial intelligence
in sustainable supply chains: Exploring research propositions for future directions. Business Strategy and the
Environment. 2022 Jul;31(5):2400-23. https://doi.org/10.1002/bse.3034

Shah HM, Gardas BB, Narwane VS, Mehta HS. The contemporary state of big data analytics and artificial intelligence
towards intelligent supply chain risk management: a comprehensive review. Kybernetes. 2023 May 5;52(5):1643-97.
https://doi.org/10.1108/K-05-2021-0423

Pereira AM, Moura JA, Costa ED, Vieira T, Landim AR, Bazaki E, Wanick V. Customer models for artificial intelligence-
based decision support in fashion online retail supply chains. Decision Support Systems. 2022 Jul 1;158:113795.
https://doi.org/10.1016/7.dss.2022.113795

Hao X, Demir E. Artificial intelligence in supply chain decision-making: an environmental, social, and governance
triggering and technological inhibiting protocol. Journal of Modelling in Management. 2024 Feb 1;19(2):605-29.
https://doi.org/10.1108/JM2-01-2023-0009

Kumar A, Mani V, Jain V, Gupta H, Venkatesh VG. Managing healthcare supply chain through artificial intelligence (Al):
A study of critical success factors. Computers & Industrial Engineering. 2023 Jan 1;175:108815.
https://doi.org/10.1016/j.cie.2022.108815

Bhattacharya S, Govindan K, Dastidar SG, Sharma P. Applications of artificial intelligence in closed-loop supply chains:
Systematic literature review and future research agenda. Transportation Research Part E: Logistics and Transportation
Review. 2024 Apr 1;184:103455. https://doi.org/10.1016/].tre.2024.103455

Bag S, Dhamija P, Singh RK, Rahman MS, Sreedharan VR. Big data analytics and artificial intelligence technologies
based collaborative platform empowering absorptive capacity in health care supply chain: an empirical study. Journal of
Business Research. 2023 Jan 1;154:113315. https://doi.org/10.1016/j.jbusres.2022.113315

Wong LW, Tan GW, Ooi KB, Lin B, Dwivedi YK. Artificial intelligence-driven risk management for enhancing supply
chain agility: A deep-learning-based dual-stage PLS-SEM-ANN analysis. International Journal of Production Research.
2024 Aug 2;62(15):5535-55. https://doi.org/10.1080/00207543.2022.2063089

Dora M, Kumar A, Mangla SK, Pant A, Kamal MM. Critical success factors influencing artificial intelligence adoption
in food supply chains. International Journal of Production Research. 2022 Jul 18;60(14):4621-40.
https://doi.org/10.1080/00207543.2021.1959665

Kamran MA, Kia R, Goodarzian F, Ghasemi P. A new vaccine supply chain network under COVID-19 conditions
considering system dynamic: Artificial intelligence algorithms. Socio-Economic Planning Sciences. 2023 Feb
1;85:101378. https://doi.org/10.1016/j.seps.2022.101378

568


https://doi.org/10.1007/s12063-022-00335-y
https://doi.org/10.1109/TEM.2021.3133104
https://doi.org/10.1016/j.ijpe.2022.108618
https://doi.org/10.1016/j.techfore.2023.122491
https://doi.org/10.1007/s10479-022-05015-5
https://doi.org/10.1080/00207543.2023.2179859
https://doi.org/10.1080/00207543.2024.2367685
https://doi.org/10.1002/bse.3034
https://doi.org/10.1108/K-05-2021-0423
https://doi.org/10.1016/j.dss.2022.113795
https://doi.org/10.1108/JM2-01-2023-0009
https://doi.org/10.1016/j.cie.2022.108815
https://doi.org/10.1016/j.tre.2024.103455
https://doi.org/10.1016/j.jbusres.2022.113315
https://doi.org/10.1080/00207543.2022.2063089
https://doi.org/10.1080/00207543.2021.1959665
https://doi.org/10.1016/j.seps.2022.101378

[57]

[65]

[72]

International Journal of Applied Resilience and Sustainability, Volume 2, Issue 2, February 2026, pp. 537-571

Belhadi A, Mani V, Kamble SS, Khan SA, Verma S. Artificial intelligence-driven innovation for enhancing supply chain
resilience and performance under the effect of supply chain dynamism: an empirical investigation. Annals of operations
research. 2024 Feb;333(2):627-52. https://doi.org/10.1007/s10479-021-03956-x

Goodarzian F, Navaei A, Ehsani B, Ghasemi P, Mufiuzuri J. Designing an integrated responsive-green-cold vaccine supply
chain network using Internet-of-Things: artificial intelligence-based solutions. Annals of Operations Research. 2023
Sep;328(1):531-75. https://doi.org/10.1007/s10479-022-04713-4

Nayal K, Raut R, Priyadarshinee P, Narkhede BE, Kazancoglu Y, Narwane V. Exploring the role of artificial intelligence
in managing agricultural supply chain risk to counter the impacts of the COVID-19 pandemic. The International Journal
of Logistics Management. 2022 Aug 9;33(3):744-72. https://doi.org/10.1108/IJLM-12-2020-0493

Fosso Wamba S, Queiroz MM, Guthrie C, Braganza A. Industry experiences of artificial intelligence (Al): benefits and
challenges in operations and supply chain management. Production planning & control. 2022 Dec 10;33(16):1493-7.
https://doi.org/10.1080/09537287.2021.1882695

Helo P, Hao Y. Artificial intelligence in operations management and supply chain management: an exploratory case study.
Production planning & control. 2022 Dec 10;33(16):1573-90. https://doi.org/10.1080/09537287.2021.1882690
Mediavilla MA, Dietrich F, Palm D. Review and analysis of artificial intelligence methods for demand forecasting in
supply chain management. Procedia CIRP. 2022 Jan 1;107:1126-31. https://doi.org/10.1016/j.procir.2022.05.119

Olan F, Liu S, Suklan J, Jayawickrama U, Arakpogun EO. The role of Artificial Intelligence networks in sustainable
supply chain finance for food and drink industry. International Journal of Production Research. 2022 Jul 18;60(14):4418-
33. https://doi.org/10.1080/00207543.2021.1915510

Nayal K, Raut RD, Queiroz MM, Yadav VS, Narkhede BE. Are artificial intelligence and machine learning suitable to
tackle the COVID-19 impacts? An agriculture supply chain perspective. The International Journal of Logistics
Management. 2023 Mar 14;34(2):304-35. https://doi.org/10.1108/IJLM-01-2021-0002

Dauvergne P. Is artificial intelligence greening global supply chains? Exposing the political economy of environmental
costs. Review of International Political Economy. 2022 May 4;29(3):696-718.
https://doi.org/10.1080/09692290.2020.1814381

Ahmed T, Karmaker CL, Nasir SB, Moktadir MA, Paul SK. Modeling the artificial intelligence-based imperatives of
industry 5.0 towards resilient supply chains: A post-COVID-19 pandemic perspective. Computers & Industrial
Engineering. 2023 Mar 1;177:109055. https://doi.org/10.1016/j.cie.2023.109055

Widder DG, Nafus D. Dislocated accountabilities in the "Al supply chain": Modularity and developers' notions of
responsibility. Big Data & Society. 2023 Jan;10(1):20539517231177620. https://doi.org/10.1177/20539517231177620
Zatsu V, Shine AE, Tharakan JM, Peter D, Ranganathan TV, Alotaibi SS, Mugabi R, Muhsinah AB, Waseem M, Nayik
GA. Revolutionizing the food industry: The transformative power of artificial intelligence-a review. Food Chemistry: X.
2024 Dec 30;24:101867. https://doi.org/10.1016/j.fochx.2024.101867

Yandrapalli V. Revolutionizing supply chains using power of generative ai. International Journal of Research Publication
and Reviews. 2023 Dec;4(12):1556-62. https://doi.org/10.55248/gengpi.4.1223.123417

Aliahmadi A, Nozari H, Ghahremani-Nahr J. AloT-based sustainable smart supply chain framework. International journal
of innovation in  management, economics and social sciences. 2022  Apr  23;2(2):28-38.
https://doi.org/10.52547/ijimes.2.2.28

Chen P, Chu Z, Zhao M. The road to corporate sustainability: the importance of artificial intelligence. Technology in
Society. 2024 Mar 1;76:102440. https://doi.org/10.1016/j.techsoc.2023.102440

Chen P, Chu Z, Zhao M. The road to corporate sustainability: the importance of artificial intelligence. Technology in
Society. 2024 Mar 1;76:102440. https://doi.org/10.1016/j.techsoc.2023.102440

Radanliev P, De Roure D. Advancing the cybersecurity of the healthcare system with self-optimising and self-adaptative
artificial intelligence (part 2). Health and Technology. 2022 Sep;12(5):923-9. https://doi.org/10.1007/s12553-022-00691-
6

Ramirez-Asis E, Vilchez-Carcamo J, Thakar CM, Phasinam K, Kassanuk T, Naved M. A review on role of artificial
intelligence in food processing and manufacturing industry. Materials Today: Proceedings. 2022 Jan 1;51:2462-5.
https://doi.org/10.1016/j.matpr.2021.11.616

Dwivedi YK, Wang Y. Guest editorial: Artificial intelligence for B2B marketing: Challenges and opportunities. Industrial
Marketing Management. 2022 Aug 1;105:109-13. https://doi.org/10.1016/j.indmarman.2022.06.001

Menzies J, Sabert B, Hassan R, Mensah PK. Artificial intelligence for international business: Its use, challenges, and
suggestions for future research and practice. Thunderbird International Business Review. 2024 Mar;66(2):185-200.
https://doi.org/10.1002/tie.22370

569


https://doi.org/10.1007/s10479-021-03956-x
https://doi.org/10.1007/s10479-022-04713-4
https://doi.org/10.1108/IJLM-12-2020-0493
https://doi.org/10.1080/09537287.2021.1882695
https://doi.org/10.1080/09537287.2021.1882690
https://doi.org/10.1016/j.procir.2022.05.119
https://doi.org/10.1080/00207543.2021.1915510
https://doi.org/10.1108/IJLM-01-2021-0002
https://doi.org/10.1080/09692290.2020.1814381
https://doi.org/10.1016/j.cie.2023.109055
https://doi.org/10.1177/20539517231177620
https://doi.org/10.1016/j.fochx.2024.101867
https://doi.org/10.55248/gengpi.4.1223.123417
https://doi.org/10.52547/ijimes.2.2.28
https://doi.org/10.1016/j.techsoc.2023.102440
https://doi.org/10.1016/j.techsoc.2023.102440
https://doi.org/10.1007/s12553-022-00691-6
https://doi.org/10.1007/s12553-022-00691-6
https://doi.org/10.1016/j.matpr.2021.11.616
https://doi.org/10.1016/j.indmarman.2022.06.001
https://doi.org/10.1002/tie.22370

[77]

[85]

[92]

International Journal of Applied Resilience and Sustainability, Volume 2, Issue 2, February 2026, pp. 537-571

Merhi MI, Harfouche A. Enablers of artificial intelligence adoption and implementation in production systems.
International journal of production research. 2024 Aug 2;62(15):5457-71.
https://doi.org/10.1080/00207543.2023.2167014

Kehayov M, Holder L, Koch V. Application of artificial intelligence technology in the manufacturing process and
purchasing and supply management. Procedia =~ Computer Science. 2022  Jan  1;200:1209-17.
https://doi.org/10.1016/j.procs.2022.01.321

Kagalwala H, Radhakrishnan GV, Mohammed IA, Kothinti RR, Kulkarni N. Predictive analytics in supply chain
management: The role of Al and machine learning in demand forecasting. Advances in Consumer Research. 2025 Feb
15;2:142-9.

Wamba SF, Queiroz MM, Trinchera L. The role of artificial intelligence-enabled dynamic capability on environmental
performance: The mediation effect of a data-driven culture in France and the USA. International Journal of Production
Economics. 2024 Feb 1;268:109131. https://doi.org/10.1016/].ijpe.2023.109131

Abaku EA, Edunjobi TE, Odimarha AC. Theoretical approaches to Al in supply chain optimization: Pathways to
efficiency and resilience. International journal of science and technology research archive. 2024 Mar;6(1):092-107.
https://doi.org/10.53771/ijstra.2024.6.1.0033

Feng Y, Lai KH, Zhu Q. Green supply chain innovation: Emergence, adoption, and challenges. International journal of
production economics. 2022 Jun 1;248:108497. https://doi.org/10.1016/j.ijpe.2022.108497

Sood SK, Rawat KS, Kumar D. A visual review of artificial intelligence and Industry 4.0 in healthcare. Computers and
Electrical Engineering. 2022 Jul 1;101:107948. https://doi.org/10.1016/j.compeleceng.2022.107948

Marvin HJ, Bouzembrak Y, Van der Fels-Klerx HJ, Kempenaar C, Veerkamp R, Chauhan A, Stroosnijder S, Top J, Simsek-
Senel G, Vrolijk H, Knibbe WJ. Digitalisation and artificial intelligence for sustainable food systems. Trends in Food
Science & Technology. 2022 Feb 1;120:344-8. https://doi.org/10.1016/1.tifs.2022.01.020

Rane N. ChatGPT and similar generative artificial intelligence (Al) for smart industry: role, challenges and opportunities
for industry 4.0, industry 5.0 and society 5.0. Challenges and Opportunities for Industry. 2023 May 31;4.
https://doi.org/10.2139/ssrn.4603234

Dhal SB, Kar D. Leveraging artificial intelligence and advanced food processing techniques for enhanced food safety,
quality, and security: a comprehensive review. Discover Applied Sciences. 2025 Jan 11;7(1):75.
https://doi.org/10.1007/s42452-025-06472-w

Mithas S, Chen ZL, Saldanha TJ, De Oliveira Silveira A. How will artificial intelligence and Industry 4.0 emerging
technologies transform operations management?. Production and operations management. 2022 Dec;31(12):4475-87.
https://doi.org/10.1111/poms.13864

Amani MA, Sarkodie SA. Mitigating spread of contamination in meat supply chain management using deep learning.
Scientific reports. 2022 Mar 23;12(1):5037. https://doi.org/10.1038/s41598-022-08993-5

Zhang Q, Gao B, Lugman A. Linking green supply chain management practices with competitiveness during covid 19:
The role of  big data analytics. Technology in Society. 2022  Aug 1;70:102021.
https://doi.org/10.1016/j.techsoc.2022.102021

Franki V, Majnari¢ D, Viskovi¢ A. A comprehensive review of artificial intelligence (AI) companies in the power sector.
Energies. 2023 Jan 18;16(3):1077. https://doi.org/10.3390/en16031077

Martini B, Bellisario D, Coletti P. Human-centered and sustainable artificial intelligence in industry 5.0: Challenges and
perspectives. Sustainability. 2024 Jun 26;16(13):5448. https://doi.org/10.3390/sul6135448

Rane N, Choudhary S, Rane J. Artificial intelligence for enhancing resilience. Journal of Applied Artificial Intelligence.
2024 Sep 9;5(2):1-33. https://doi.org/10.48185/jaai.v5i2.1053

Muldoon J, Wu BA. Artificial intelligence in the colonial matrix of power. Philosophy & Technology. 2023 Dec;36(4):80.
https://doi.org/10.1007/s13347-023-00687-8

Tsang YP, Lee CK. Artificial intelligence in industrial design: A semi-automated literature survey. Engineering
Applications of Artificial Intelligence. 2022 Jun 1;112:104884. https://doi.org/10.1016/j.engappai.2022.104884
Hosseinnia Shavaki F, Ebrahimi Ghahnavieh A. Applications of deep learning into supply chain management: a
systematic literature review and a framework for future research. Artificial Intelligence Review. 2023 May;56(5):4447-
89. https://doi.org/10.1007/s10462-022-10289-z

Lin H, Lin J, Wang F. An innovative machine learning model for supply chain management. Journal of Innovation &
Knowledge. 2022 Oct 1;7(4):100276. https://doi.org/10.1016/1.jik.2022.100276

Mishra H, Mishra D. Artificial intelligence and machine learning in agriculture: Transforming farming systems. Res.
Trends Agric. Sci. 2023;1:1-6.

570


https://doi.org/10.1080/00207543.2023.2167014
https://doi.org/10.1016/j.procs.2022.01.321
https://doi.org/10.1016/j.ijpe.2023.109131
https://doi.org/10.53771/ijstra.2024.6.1.0033
https://doi.org/10.1016/j.ijpe.2022.108497
https://doi.org/10.1016/j.compeleceng.2022.107948
https://doi.org/10.1016/j.tifs.2022.01.020
https://doi.org/10.2139/ssrn.4603234
https://doi.org/10.1007/s42452-025-06472-w
https://doi.org/10.1111/poms.13864
https://doi.org/10.1038/s41598-022-08993-5
https://doi.org/10.1016/j.techsoc.2022.102021
https://doi.org/10.3390/en16031077
https://doi.org/10.3390/su16135448
https://doi.org/10.48185/jaai.v5i2.1053
https://doi.org/10.1007/s13347-023-00687-8
https://doi.org/10.1016/j.engappai.2022.104884
https://doi.org/10.1007/s10462-022-10289-z
https://doi.org/10.1016/j.jik.2022.100276

[98]

[99]

[100]

[101]
[102]
[103]
[104]

[105]

[106]

[107]

[108]
[109]

[110]

[111]

International Journal of Applied Resilience and Sustainability, Volume 2, Issue 2, February 2026, pp. 537-571

Albayrak Unal O, Erkayman B, Usanmaz B. Applications of artificial intelligence in inventory management: A systematic
review of the literature. Archives of computational methods in engineering. 2023 May;30(4):2605-25.
https://doi.org/10.1007/s11831-022-09879-5

Tang YM, Chau KY, Lau YY, Zheng Z. Data-intensive inventory forecasting with artificial intelligence models for cross-
border e-commerce service automation. Applied Sciences. 2023 Feb 27;13(5):3051. https://doi.org/10.3390/app 13053051
Bidyalakshmi T, Jyoti B, Mansuri SM, Srivastava A, Mohapatra D, Kalnar YB, Narsaiah K, Indore N. Application of
artificial intelligence in food processing: Current status and future prospects. Food Engineering Reviews. 2025
Mar;17(1):27-54. https://doi.org/10.1007/s12393-024-09386-2

Kumar S, Lim WM, Sivarajah U, Kaur J. Artificial intelligence and blockchain integration in business: trends from a
bibliometric-content analysis. Information systems frontiers. 2023 Apr;25(2):871-96. https://doi.org/10.1007/s10796-
022-10279-0

Mohsen BM. Developments of digital technologies related to supply chain management. Procedia Computer Science.
2023 Jan 1;220:788-95. https://doi.org/10.1016/j.procs.2023.03.105

MacCarthy BL, Ivanov D. The Digital Supply Chain-emergence, concepts, definitions, and technologies. InThe digital
supply chain 2022 Jan 1 (pp. 3-24). Elsevier. https://doi.org/10.1016/B978-0-323-91614-1.00001-0

Oliveira RC, Silva RD. Artificial intelligence in agriculture: benefits, challenges, and trends. Applied Sciences. 2023 Jun
22;13(13):7405. https://doi.org/10.3390/app 13137405

Ivanov D. Intelligent digital twin (iDT) for supply chain stress-testing, resilience, and viability. International Journal of
Production Economics. 2023 Sep 1;263:108938. https://doi.org/10.1016/].ijpe.2023.108938

Onyeaka H, Tamasiga P, Nwauzoma UM, Miri T, Juliet UC, Nwaiwu O, Akinsemolu AA. Using artificial intelligence to
tackle food waste and enhance the circular economy: Maximising resource efficiency and minimising environmental
impact: A review. Sustainability. 2023 Jul 3;15(13):10482. https://doi.org/10.3390/sul51310482

Javaid M, Haleem A, Khan IH, Suman R. Understanding the potential applications of Artificial Intelligence in Agriculture
Sector. Advanced agrochem. 2023 Mar 1;2(1):15-30. https://doi.org/10.1016/j.aac.2022.10.001

Pallathadka H, Ramirez-Asis EH, Loli-Poma TP, Kaliyaperumal K, Ventayen RJ, Naved M. Applications of artificial
intelligence in business management, e-commerce and finance. Materials Today: Proceedings. 2023 Jan 1;80:2610-3.
https://doi.org/10.1016/j.matpr.2021.06.419

Nozari H, Ghahremani-Nahr J, Szmelter-Jarosz A. Al and machine learning for real-world problems. InAdvances in
computers 2024 Jan 1 (Vol. 134, pp. 1-12). Elsevier.

Toromade AS, Soyombo DA, Kupa E, Ijomah TI. Technological innovations in accounting for food supply chain
management. Finance & Accounting Research Journal. 2024;6(7):1248-58. https://doi.org/10.51594/farj.v6i7.1315

Pan SL, Nishant R. Artificial intelligence for digital sustainability: An insight into domain-specific research and future
directions. International Journal of Information Management. 2023 Oct 1;72:102668.
https://doi.org/10.1016/].ijinfomgt.2023.102668

Nath PC, Mishra AK, Sharma R, Bhunia B, Mishra B, Tiwari A, Nayak PK, Sharma M, Bhuyan T, Kaushal S, Mohanta
YK. Recent advances in artificial intelligence towards the sustainable future of agri-food industry. Food Chemistry. 2024
Jul 30;447:138945. https://doi.org/10.1016/j.foodchem.2024.138945

571


https://doi.org/10.1007/s11831-022-09879-5
https://doi.org/10.3390/app13053051
https://doi.org/10.1007/s12393-024-09386-2
https://doi.org/10.1007/s10796-022-10279-0
https://doi.org/10.1007/s10796-022-10279-0
https://doi.org/10.1016/j.procs.2023.03.105
https://doi.org/10.1016/B978-0-323-91614-1.00001-0
https://doi.org/10.3390/app13137405
https://doi.org/10.1016/j.ijpe.2023.108938
https://doi.org/10.3390/su151310482
https://doi.org/10.1016/j.aac.2022.10.001
https://doi.org/10.1016/j.matpr.2021.06.419
https://doi.org/10.51594/farj.v6i7.1315
https://doi.org/10.1016/j.ijinfomgt.2023.102668
https://doi.org/10.1016/j.foodchem.2024.138945

