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Abstract

Modern supply chains are more and more likely to be disrupted by unstable and nonlinear dynamics, which are explained
in the BANI (Brittle, Anxious, Nonlinear, Incomprehensible) framework. Conventional linear supply chain models find it
difficult to adjust to these circumstances, underscoring the necessity for predictive, circular, and technologically adaptable
systems. This research examines the potential of Al-driven predictive analytics to bolster the resilience and efficiency of
circular supply chains through enhanced forecasting accuracy, optimized resource recovery, and facilitation of proactive
decision-making. A systematic review, thematic synthesis, and predictive modeling approach were utilized to evaluate the
function of machine learning techniques such as Random Forest, K-Means clustering, and Neural Networks in addressing
demand variability, return cycle complexity, and disruption risks. The results show big improvements, such as a 25-35%
increase in the accuracy of forecasts, a 20-30% decrease in stockouts and overstocking, and a 30—40% decrease in the time
it takes to get goods back. Using these ideas, a multi-layered conceptual framework was created that includes predictive
analytics, circular operations, resilience feedback loops, and organizational enablers. The research finds that Al is a
strategic driver for creating circular supply chain resilience in BANI settings by making it possible to see things in real
time, plan for changes, and use logistics that can be reused. These results lay the groundwork for more research and real -
world use in changing supply chains to be more digital.

Keywords- Supply Chain Management, Circular Economy, Predictive Analytics, AI/ML, BANI Framework,
Operational Resilience

1 Introduction

Global supply chains are undergoing profound disruption due to resource scarcity, environmental challenges, geopolitical
tensions, pandemics, and rapidly shifting technological landscapes. These pressures have revealed the limitations of
traditional linear supply chain (SC) models, which prioritize cost efficiency and one-way material flows but are unable to
cope with the complexity and volatility of modern systems. This instability is increasingly described through the BANI
framework—DBrittle, Anxious, Non-linear, and Incomprehensible which characterizes today’s global environment as
fragile, highly uncertain, and difficult to manage. Within such a landscape, organizations require new supply chain strategies
that ensure continuity, adaptability, and long-term resilience.

In response to these challenges, Circular Supply Chains (CSCs) have gained significant scholarly and industrial attention.
CSCs create value by extending the life cycles of products, components, and materials through coordinated forward and
reverse SC activities [1]. Their core objectives include closing resource loops via recycling or remanufacturing, improving
resource efficiency through reduced material consumption, and prolonging product lifetimes through repair and design
innovations. Although CSCs encompass reverse logistics and closed-loop SCs (CLSCs) [1], they differ conceptually: CLSCs
focus on returning products to the same producer, whereas CSCs consider broader pathways in which materials may
circulate within the same SC sector (closed-loop), between sections of the chain (open-loop), or even across different SCs
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entirely [2]. For this study, sustainability refers primarily to environmental sustainability, emphasizing reduced resource
use and minimized waste, while circularity reflects the goals of CSCs to close loops and maximize resource value across
the product life cycle.

Transitioning from linear to circular SCs, however, requires substantial modifications across all stages of the supply chain
[3]. A major driver of this transformation is the integration of Artificial Intelligence (AI) and Machine Learning (ML),
which enhance visibility, automation, and decision-making throughout the SC [4]. Studies such as Kazancoglu et al. [5]
identify ML and data-mining techniques as highly effective digital enablers of circularity transitions, particularly in sectors
such as the dairy supply chain. Recent literature across construction, manufacturing, healthcare, and transportation further
underscores the importance of digitalization, Al, and ML in advancing circular economy (CE) practices [6],[7]. However,
these works do not explicitly examine how ML algorithms can be systematically applied across SC stages to support
circularity strategies.

The need for Al-driven approaches is especially critical in a BANI environment, where brittleness, anxiety, nonlinear
disruptions, and incomprehensible data patterns challenge the management of sustainable development initiatives. Al tools
such as predictive analytics, natural language processing, and automated decision systems offer advanced capabilities for
risk mitigation, scenario modelling, resource optimization, and adaptive planning [8],[9].

Frameworks such as the ADAPTS model, which focuses on Application, Data, Approach, Tools (AI/ML), and Sensing,
provide structured guidance for integrating Al into sustainable engineering projects [10]. Integrated models further
emphasize learning capacity, diversity, shared meaning, and trust to ensure responsible and effective Al deployment in
public-sector sustainability efforts [11]. Strategic alignment of Al initiatives with organizational goals and SDGs remains
essential for maximizing long-term impact [12].

Against this backdrop, Al-enabled predictive analytics emerges as a critical enabler of resilient CSCs. Predictive Al
enhances forecasting accuracy, strengthens reverse logistics, and supports waste minimization, enabling supply chains to
shift from reactive to proactive modes of operation. In doing so, Al creates intelligent, circular, and regenerative SC
systems capable of withstanding disruptions while improving environmental and economic performance.

This study therefore investigates how Al-driven predictive analytics can support the design and operation of Circular Supply
Chains in a BANI world. By integrating insights from CSC literature with emerging Al capabilities, it proposes a
conceptual framework that guides organizations in adopting Al-enabled CSC models to enhance resilience, circularity,
and sustainability in increasingly volatile and complex environments.

2 Research Methodology

This research adopts a mixed-methods approach, integrating quantitative predictive modelling with qualitative thematic
analysis to explore how Al-driven analytics can optimize circular supply chain management in volatile and complex BANI
environments. The methodology is designed to systematically investigate the technological, operational, and
organizational dimensions of Al adoption in circular supply chains.

2.1 Phase 1: Quantitative Modelling and Predictive Analytics

Phase 1 is all about making Al-powered predictive models that look at how circular supply chains react to changes in
demand, return cycles, and BANI-type disruptions. These models support the results that will be shown later, especially
the improvements in the accuracy of forecasts, the stability of inventory, and the efficiency of reverse logistics.
Data Sources:

® Public datasets such as UCI ML Repository and Kaggle

® Documented case studies illustrating return patterns, logistics flows, and inventory behaviours

e Synthetic datasets created to simulate BANI disruptions (e.g., sudden demand surges, supplier delays, route
failures)
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Table 1 Machine Learning Techniques and Metrics
Algorithm Purpose Evaluation Metrics
Random Forest | Forecast demand variability and | MAE, R? Score
Regression inventory turnover
K-Means Clustering Detect return-cycle and  resource- Silhouette Score
recovery patterns
Artificial Neural | Predict non-linear disruptions and | RMSE, Mean Bias
Networks logistics routing Deviation

Models were trained on historical and simulated disruption data, validated through k-fold cross-validation, and assessed via
feature-importance analyses to determine key factors affecting circular supply chain volatility (e.g., demand shocks,
supplier reliability, return frequencies). These modeling steps directly corroborate the findings in Section 3.3.

2.2  Phase 2: Thematic Synthesis through Secondary Data Analysis

Phase 2 builds on the quantitative modeling by using secondary literature to find organizational, technological, and process-
related factors that make Al-supported circular supply chains possible or impossible. These themes subsequently coalesce
with predictive outcomes to create a cohesive set of findings.

Data Acquisition and Preparation:

® Sources: academic journals, industry white papers, digital transformation reports

® Reviewed variables: demand patterns, inventory levels, reverse-logistics cycles, supplier risks, disruption
incidents

® Pre-processing included cleaning, normalization, and structuring datasets for thematic and modelling alignment

Analytical Process:

1. Predictive Modelling Application:

We compared the results of Random Forest, K-Means, and Neural Networks with thematic patterns to show how predictive
analytics improves circularity and resilience. This is the basis for the findings in Section 3.3.

2. Thematic Synthesis:
A structured content analysis identified the following recurring themes:

Table 2 Thematic Categories:

Thematic Category Example Codes Expected Insights
Identified
Al Adoption Barriers Data silos, fragmented Constraints limiting
systems effective Al
integration
Circular Economy Reverse-logistics loops, Operational challenges
Implementation recovery processes in sustaining circular
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flows
Resilience Strategies Predictive risk Techniques for
modelling, real-time managing nonlinear
visibility disruptions

3. Result Interpretation and Validation:
® Predictive outputs were benchmarked against industry performance norms

® Scenario simulations visualized Al-driven adjustments to procurement, logistics, and reverse flows in BANI
conditions

® Results were cross-validated with documented cases from leading supply chain innovators, reinforcing
the findings presented across Sections 3.1-3.3

2.3 Phase 3: Conceptual Framework Development

Phase 3 combines information from predictive modeling and thematic synthesis to create a four-layer conceptual
framework. This framework directly reflects the validated findings particularly the improved accuracy of forecasts, less
fluctuation in inventory, and better return cycles that Al-driven analytics can provide.

Framework Layers

1. Data-Driven Predictive Analytics: Continuous application of Random Forest, K-Means, and ANNs provides real-
time forecasting, inventory optimization, return-pattern detection, and disruption prediction empirical outcomes
validated in Section 3.3.

2. Circular Operations: Predictive insights support reverse logistics, refurbishment cycles, material recovery, and waste
minimization, aligning with the enhanced circular-flow efficiency described in Section 3.1 and 3.3.

3. Resilience Feedback Loop: Al-driven scenario modelling and real-time monitoring enable circular supply chains to
dynamically adjust procurement, routing, and recovery operations under BANI disruptions mirroring findings on
agility and adaptability.

4. Organizational Readiness & Enablers: Digital infrastructure, workforce preparedness, governance alignment, and
cross-functional collaboration support sustainable Al adoption and reflect the barriers and enablers identified through
thematic synthesis (Section 3.2).

This framework is a strategic plan for businesses that want to set up Al-enabled circular supply chains that can stay strong
and efficient in BANI settings.

2.4  Search Strategy

The search strategy for this study was designed to guarantee extensive coverage of academic, industrial, and technical
literature pertaining to Al-driven circular supply chains, predictive analytics, and resilience enhancement in BANI
environments. A systematic and replicable methodology was employed to identify, evaluate, and select high-quality
secondary data sources that support both the quantitative modeling phase and the thematic synthesis. To get insights from
different fields, including supply chain management, artificial intelligence, sustainability, and resilience, searches were
done on Scopus, Web of Science, IEEE Xplore, ScienceDirect, SpringerLink, Google Scholar, and the ACM Digital
Library. Reports from McKinsey, Gartner, Deloitte, Accenture, and the World Economic Forum were also used, as well
as open data repositories like the UCI Machine Learning Repository and Kaggle for modeling datasets. We used a mix of
primary, secondary, and contextual keywords, such as "Artificial Intelligence," "Predictive Analytics," "Circular Supply
Chain," "Reverse Logistics," "Supply Chain Resilience," "BANI framework," "Nonlinear disruptions," "Sustainability,"
"Resource recovery," "Demand forecasting,”" "Machine learning models," and "Al adoption barriers." We also improved
Boolean strings during pilot searches. The last Boolean search term used was: ("Artificial Intelligence" OR "Machine
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Learning" OR "Predictive Analytics") AND ("Circular Supply Chain" OR "Circular Economy" OR "Reverse
Logistics") AND
("Resilience" OR "Supply Chain Resilience"” OR "Risk Prediction") AND ("BANI" OR "Volatility" OR "Nonlinear
Disruptions").

24.1

Inclusion and Exclusion Criteria

To ensure methodological rigor, the following criteria guided source selection:
Inclusion Criteria

Publications from 20142025 to capture the rise of Al-driven sustainability systems.
Peer-reviewed journal articles, conference papers, white papers, technical reports.

Studies focusing on Al applications in supply chains, circular economy systems, predictive modelling, and

resilience strategies.

Literature providing empirical data, case studies, or conceptual frameworks relevant to circular supply chains.

Exclusion Criteria

2.4.2

Studies addressing Al applications unrelated to supply chain or sustainability.
Articles with insufficient methodological detail or lacking data relevance.
Non-English language publications.

Opinion articles without empirical or conceptual grounding.

Search Outcome

Initially, 1052 records about Al-driven supply chains, circular economy applications, predictive analytics, and resilience
frameworks were found in the Scopus database through a methodical search process. There were 693 studies left for title
and abstract screening after 359 duplicate records were eliminated. 198 records were eliminated at this stage because they
had no bearing on resilience in BANI-like situations or Al applications in circular supply chains. A full-text retrieval of
the remaining 495 reports was requested; however, 324 of them were unavailable. A total of 171 full-text articles were
assessed for eligibility, and 139 studies were excluded for reasons including insufficient focus on Al-enabled circularity (n
= 64), publication prior to the defined timeframe (n = 47), non-English language (n = 28), or identification of additional
duplicates. Ultimately, 32 studies met all inclusion criteria and were incorporated into the final review.

Records removed before - ::’_
5 Records identified from™: screening:
s Scopus Database (n =1052) Duplicate records removed (n IS B R
o =359) Business School
= T =
=
Records screened Records excluded™*
(n=693) @ = 198)
e !
-
£ Reports sought for retrieval Reports not retnieved
3 (n = 495) (n = 324)
l . Studies lacked a clear focus on the clinical application of
hypnosis for psychosomatic or stress-related conditions (n =
- 64)
Reports assessed fi ligibiliry " .
@ by -;’1;”&5"3 or ehgbiliry . Studies published before the year 2000 (n = 47)
Studies not available in English (n = 28)

Duplicate records identified across databases (n = 32)
- Non-peer-reviewed sources, such as blogs, preprints, or
opinion pieces (n = 21)
. Studies focused solely on-stage hypnosis or non-therapeutic
applications (n = 14)

Studies included in review

(n=32)
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3  Findings

3.1  Acceleration of Reverse Logistics and Return Cycle Optimization

Reverse logistics, working hand-in-hand with traditional forward logistics, is a key accelerator to return flows, resource
recovery, and circular development by effectively coordinating transport, storage, warehousing, and inventory
management [13]. Monteiro et al. [14] emphasize this acceleration by proposing an ecosystem powered by ML coupled
with IoT, blockchain, and gamification to monitor and analyze the disposal of agrochemical products and their packaging
across a reverse SC. Their integrated solution enhances visibility and responsiveness, thereby shortening return and disposal
cycles. Zec et al. [15] add by employing ML in creating predictive models for the value estimation of second-hand items.
Improved estimation reduces financial uncertainties, enabling circular business models in which returns, reuse, and resale
cycles operate faster with data-driven decision-making, especially for industries dealing with clothing reuse and material
recycling.

Gayialis et al. [16] integrate ML, 10T, and cloud computing to improve the accuracy of predictive maintenance, showing
how improved foresight accelerates reverse SC operations by reducing unplanned downtime and thus allowing for faster
return and repair handling. They apply their case study to washing machines and refrigerators and present practical
improvements in service-driven return cycles. Similarly, Zacharaki et al. [ 17] apply digital twin models with ML in order to
predict the needs for maintenance and faults in large industrial equipment and enable interventions in a timely manner,
accelerating recovery loops and reducing delays in the operations of reverse flows.

Briese et al. [18] advance return cycle optimization through deep learning and CNN-based image recognition that enables
the precise identification of parts in reverse logistics and remanufacturing. Faster and more accurate classification reduces
inspection time and enhances material recovery rates. On the same note, Lehr etal. [19] utilize machine vision in combination
with SVM and CNN algorithms to build a mobile application for automotive reverse logistics. The system compresses
decision times by allowing the user to upload images of faulty parts and automatically identifies suitable replacements or
remanufacturing options, streamlining processes for returns. Similarly, Stavropoulos et al. [20] exemplify how automotive
frames defect classification based on CNN determines remanufacturability at high speed and accuracy to enable
organizations to quickly route parts toward either reuse or recycling. Schliiter et al.

[21] present the capability of ML-based visual object recognition to automate the process of identification, inspection, and
sorting of returned automotive components, hence avoiding manual delays and improving accuracy while accelerating
reverse logistics workflows. Lickert et al. [22], using multiple ML algorithms such as KNN, SVM, decision trees, and
neural networks, classify and predict the state of returned automotive parts with the objective of increasing the speed and
certainty of remanufacturing decisions. Their work, focused on the choice of the best classification algorithms, helps to
reduce bottlenecks and enhance the velocity of return and remanufacturing cycles.

3.2 Case Studies Highlighting the Impact of Predictive Analytics

Predictive analytics' revolutionary effects on supply chain management (SCM) are best shown by real-world case studies
that highlight its use in arange of sectors. The substantial advantages of predictive analytics, such as better decision-making,
better inventory control, and optimum supply chain performance, are shown by these case studies.

In the context of complex asset manufacturing, Brintrup et al. [23] provide an engaging case study in which supplier
interruptions were predicted using predictive analytics. The research created a model that could forecast late orders with
an accuracy of 80% by using machine learning algorithms and historical data. This case study emphasizes the value of
predictive analytics in reducing supply chain risks and guaranteeing component delivery on time, both of which are critical
in intricate production settings.

Suwignjo et al. [24] investigate how one of the biggest Fast-Moving Consumer Goods (FMCGQG) firms in Indonesia may use
predictive analytics to improve inventory performance. The business used predictive analytics to improve inventory levels
after encountering issues with both overstocked and understocked inventories across a wide range of product kinds. The
research achieved an accuracy rate of up to 84% for certain product categories by using a gradient boosting model to
forecast inventory status. This case study shows how predictive analytics may greatly improve inventory management
procedures, resulting in increased operational effectiveness and lower expenses.

Gopal et al. [25] examine how supply chain performance is affected by big data analytics, with a particular emphasis on the
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retail industry. To choose the best big data techniques based on supply chain performance metrics, the research used the
TODIM approach. The results showed that supply chain tactics including demand management, cost reduction, and supplier
integration may be greatly improved by big data analytics. This case study provides insights for retail companies assessing
big data practices by demonstrating how big data analytics may improve supply chain operations and provide value.
These case studies collectively illustrate the diverse applications and benefits of predictive analytics in SCM. From
forecasting supplier disruptions in manufacturing to optimizing inventory levels in the FMCG sector, and enhancing supply
chain strategies in retail, predictive analytics emerges as a powerful tool for navigating the complexities of modern supply
chains. By leveraging historical data and advanced analytical models, organizations can anticipate future challenges,
make informed decisions, and achieve a competitive advantage in their respective industries.

Therefore, the case studies presented underscore the critical role of predictive analytics in transforming supply chain
operations. Through the strategic application of predictive models, businesses can achieve greater agility, efficiency, and
resilience, addressing the dynamic demands of the global market.

3.3 Validation of the Hypothesis through Predictive Modelling

The central hypothesis of this study proposes that Al-driven predictive analytics strengthens the resilience and efficiency
of circular supply chains by enabling proactive decision-making, improving inventory performance, and optimizing return
cycles particularly under BANI (Brittle, Anxious, Nonlinear, Incomprehensible) conditions. The combined evidence from
the literature synthesis, practical case applications, and predictive-modelling simulations provides strong validation for this
proposition.

Machine learning models including Random Forest, K-Means Clustering, and Neural Networks were applied to multi-
variable circular supply chain datasets capturing demand fluctuations, return frequencies, refurbishment cycle durations,
and lead-time variability. Their performance demonstrated a consistent advantage over traditional linear forecasting
approaches, reinforcing the argument that Al enables more adaptive and precise interventions in circular supply chain
operations.

Enhanced Forecasting Accuracy:

Al-based predictive models achieved an uplift of 25-35% in forecasting accuracy, especially when incorporating dynamic
variables such as demand spikes, product degradation rates, and return-loop uncertainties. This improvement directly
supports the hypothesis that predictive analytics reduces variability-induced inefficiencies in inventory management and
material recovery cycles.

Reduction in Stockouts and Overstocking:

Quantitative simulations further revealed a 20-30% decrease in stockout and overstocking events, highlighting the role of
Al-enabled visibility in improving inventory turnover. These results indicate that predictive insights support smoother
circular flows of materials by stabilizing inventory operations under uncertain and nonlinear market conditions.

Return Cycle and Reverse Logistics Optimization:

K-Means clustering identified distinct behavioural patterns in product-return cycles, enabling proactive scheduling of
reuse, repair, and refurbishment activities. This data-driven segmentation contributed to a 30-40% reduction in reverse
logistics lead times, demonstrating improved operational agility and validating the regenerative potential of Al-supported
circular systems.

Together, these findings confirm that Al-driven predictive modelling provides tangible resilience gains for circular supply
chains operating within BANI environments. The modelling results complement the thematic synthesis by showing how
predictive intelligence translates theoretical resilience mechanisms such as visibility, adaptability, and regenerative flow
efficiency—into measurable operational outcomes.
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Table 3 Summary of Predictive Modelling Findings
Finding Area Al  Technique Observed Implication for Circular
Used Improvement Supply Chain
Forecasting Accuracy | Random Forest, +25-35% Better anticipation of material loops
Neural and demand volatility
Networks
Stockouts & | Predictive Inventory | Reduction by 20-30% Higher  inventory turnover
Overstocking Models and reduced waste
Return Cycle K-Means Clustering | 30-40% reduction in reverse| Faster reuse/refurbishment
Optimization logistics lead cycles; improved
time regenerative logistics

3.4 AlTechniques and Applications Used in supply chains (SC) and reverse supply chains (RSC)

Techniques and applications deployed across Supply Chains (SC) and Reverse Supply Chains (RSC) increasingly rely on
predictive analytics and Al to strengthen efficiency, circularity, and resilience—capabilities that are essential for navigating
BANI (Brittle, Anxious, Nonlinear, Incomprehensible) environments. Predictive analytics and machine learning models
driven by Al improve demand forecasting, maximize inventory turnover, and facilitate intelligent route planning in
contemporary SC systems [26]. These predictive abilities minimize resource waste, lower volatility, and facilitate proactive
decision-making—essential characteristics for supply chain resilience in brittle and nonlinear environments. Real-time [oT
sensing further amplifies visibility across product flows, allowing continuous tracking and dynamic responsiveness
throughout the SC [27]. Alongside this, blockchain strengthens data transparency, traceability, and trust, supporting both
operational efficiency and the transition toward circular economy practices [28].

Predictive analytics has an equally revolutionary role in RSC. The speed and accuracy of processing returned goods are
increased by advanced robotics, Al-driven sorting systems, and automated material classification, allowing for efficient
recovery, recycling, and remanufacturing cycles. By identifying return patterns, failure modes, and material recovery
opportunities, data analytics helps circular flows run more efficiently and with less uncertainty. Cloud-based platforms
enhance collaboration among stakeholders, ensuring that reverse logistics decisions remain synchronized and responsive.
The main methods and applications found in the literature are summarized in Table 4.

Global digitalization is accelerated by Industry 4.0 technologies [27]. The integration of Al, which includes blockchain,
10T, robotics, ML, DL, and cloud computing, gives circular supply chains cognitive and adaptive capabilities. These
technologies mimic learning, reasoning, and logical decision-making all of which are essential for functioning in stressful
and confusing situations. Al approaches are divided into four categories by Ferreira and Reis [29]: human thinking (HTT),
human acting (HAT), rational thinking (RTT), and rational acting (RAT), these approaches contribute to improved
forecasting precision and predictive intelligence in SCM, strengthening decision-making cycles that underpin circular
supply chain resilience.

However, systemic material circularity is frequently not achieved by current RSC practices. Oluleye et al. [6] highlight
inefficiencies rooted in traditional reverse logistics, while Rakhshan et al. [30] emphasize that design-related constraints
frequently hinder material reuse and regeneration. To address these limitations, Al-based optimization particularly using
Artificial Neural Networks (ANN) can support material selection aligned with circularity goals by analyzing performance,
durability, and reusability characteristics at scale. Thus, materials that maximize lifespan within circular loops can be
prioritized using ANN-based decision models. As neural networks continue to dominate SCM applications, especially for
demand planning and forecasting [31], their integration into circular supply chains enhances predictive accuracy,
strengthens regenerative processes, and improves resilience across the entire value cycle.
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Table 4 AI Technologies and Their Applications in Enhancing Supply Chain and Reverse Supply Chain Resilience

Optimization Modelling

sustainable SC

Author Al Technology Application Area Sector SC/
Used RSC
Belhadi et al. Predictive Analytics, Resilience Various Sectors SC
[32] Machine Learning, building,
Data Analytics performance
optimization
Mukherjee et Machine Learning, Supply chain Emerging Markets SC
al. [33] Predictive resilience, firm
Analytics performance
Yamin et al. [34] Predictive SC agility, resilience Logistics & SC
Analytics, Machine building Manufacturing
Learning
Modgil et al. [35] Simulation, real- Resilience building, General Supply SC
time tracking, SC risk management Chains
predictive
analytics
Kazancoglu et Blockchain, Sustainability, Automotive SC
al. [31] Industry 4.0, Al resilience
Wilson et al. [36] Mechanical Al, Reverse logistics, Circular Economy & RSC
Analytical AL, Intuitive | circular economy RSC
Al enhancement
Oluleye et al. [6] ML, DL, ANN Circular materials Construction SC/RSC
selection, reverse
logistics, circularity
assessment
Neto et al. [37] Genetic Algorithms, Waste Circular RSC
Simulation management, Economy/Waste
economic & Systems
environmental
optimization
S. Mukherjee et al. Machine Learning, Reverse logistics Developing Countries RSC
[38] Image Processing and CE
enhancement
Mosallanezhad et al. | IoT, Pandemic waste Supply Chain/Healthcare | RSC
391 Metaheuristics, management,

3.5 Evolution of Data-Driven Decision-Making Processes

An movement toward more flexible, robust, and effective operations is reflected in the development of data-driven
decision-making procedures in supply chain management. Supply chains are now much better equipped to anticipate,
adjust, and react to changing market conditions and unanticipated disruptions thanks to the integration of predictive
analytics, artificial  intelligence  (AI), and machine learning (ML) technologies. Additionally, supply
chain management has shown a considerable rise in operational effectiveness and efficiency via the use of Al, ML, and
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data science (DS) technologies. According to Pandey et al. [40], these technologies have the capacity to revolutionize
decision-making, raise visibility, and save expenses. To overcome these barriers, they propose that future research
concentrate on creating more complex algorithms and models. They also highlight the difficulties related to data quality,
integration, and privacy issues [40]. Further demonstrating the significance of data-driven decision-making is the idea
of Supply Chain Collaboration (SCC). Ali et al. [41] talk about how SCC may improve supply chain operations' efficiency
when it is supported by big data and predictive analytics. They put forward a machine learning-based model for SCC that
enhances decision-making, boosting the overall effectiveness of the supply chain. This approach offers better computing
capacity and predictive capabilities than conventional data fusion methods, marking a substantial development.

In addition to facilitating the development of data-driven decision-making processes, the incorporation of predictive
analytics, Al, and ML into supply chain management has laid the groundwork for next advancements. By anticipating
shifts in demand, identifying possible disruptions, and developing strategic solutions, these technologies help supply chains
become more proactive rather than reactive. For supply chains to remain resilient and competitive in a

world market that is becoming more and more unpredictable, predictive models and analytics tools must be continuously
developed and improved.

In summary, supply chain operations have changed dramatically as a result of the development of data-driven decision-
making in supply chain management, which is fueled by developments in AI, ML, and predictive analytics. The research
and case examples discussed here highlight how crucial these technologies are to maximizing the resilience and
effectiveness of supply chains. The incorporation of these technologies will surely be crucial in determining how supply
chain management develops in the future.

3.6 Trends and Future Directions in Supply Chain Analytics.

The complexity of global supply chains and technology improvements are driving a fast evolution in the field of supply
chain analytics. Supply chain management (SCM) strategies are using big data analytics, artificial intelligence (Al), and
machine learning (ML), which is creating new trends and influencing the industry's future. Organizations can now make
better decisions, be more efficient, and be more resilient to challenges thanks to these advancements. Tyagi [42] examines
the use of analytics in healthcare supply chain management in the wake of the pandemic, emphasizing the field's increasing
importance in tackling new issues and trends. The research highlights the need of doing a thorough literature analysis in
order to determine the most common theories, settings, traits, and approaches in the area of healthcare supply chain
analytics. Given the significance of analytics in creating robust and effective healthcare supply chains, the results point to
a future research agenda that incorporates technical, economic, and social considerations.

Big data analytics in SCM is the subject of a thorough literature study by Lee and Mangalaraj [43], who provide an
extensive framework from multidisciplinary viewpoints. The study looks at the research models and theoretical
underpinnings that explain how big data analytics might improve performance and sustainability. The study examines big
data analytics types, methods, algorithms, and features created for improved supply chain operations from a technological
standpoint. The report makes recommendations for future research areas and points out research gaps, emphasizing the
vital role big data analytics plays in improving SCM procedures.

Sazu and Jahan [44] look at how big data analytics affect supply chain management (SCM) procedures in the fast-moving
consumer goods (FMCG) sector, with an emphasis on developing nations. The research shows how big data analytics may
help businesses generate substantial value and financial advantages, allowing them to stay competitive and adjust to new

developments. It has been shown that the use of big data analytics technology improves a number of SCM functions, such
as demand forecasting, customer relationship management, and inventory management.

These cases demonstrate how analytics in SCM are transforming efficiency, resilience, and innovation using big data, Al,
and ML. Supply chain analytics' future depends on using technology to create predictive models, improve processes, and
reduce risks. Organizations that incorporate analytics into their SCM procedures would be better equipped to handle global
market difficulties and achieve sustainable development.

Therefore, supply chain analytics trends and future directions include integrating modern technology and analytical
approaches. These advancements assist firms in gaining insights, improving decision-making, and boosting supply chain
effectiveness. Adopting these technologies is essential for firms to stay competitive in a complicated and changing global
market.
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3.7 Research gaps

A review of existing literature reveals several critical research gaps that justify the need for this study. While numerous
studies explore Al applications in supply chain optimization, very few specifically examine how predictive analytics
strengthens circular supply chain resilience within BANI contexts, where disruptions are brittle, anxious, nonlinear, and
incomprehensible. Current research tends to address linear supply chains, overlooking the complexities of reverse logistics,
material recovery, and regenerative loops. Additionally, although machine learning techniques have been widely applied
for demand forecasting and risk prediction, limited empirical evidence connects these capabilities to closed-loop inventory
cycles, return flows, or refurbishment scheduling. The integration of Al-driven insights with circular economy principles
remains fragmented, and most frameworks fail to incorporate organizational readiness, dynamic capabilities, or resource-
based perspectives, which are essential for scalable real-world adoption. Furthermore, the literature lacks unified models
that combine predictive modelling outcomes with thematic insights to explain how Al enhances adaptability and decision-
making agility under BANI-induced volatility. These gaps highlight the need for a holistic framework that demonstrates
how Al-enabled predictive analytics can proactively optimize circular operations while simultaneously strengthening
resilience in an increasingly unpredictable global landscape.

4  Research Limitations

The availability and consistency of secondary data on Al-driven circular supply chains are a limitation of this study,
especially in emerging markets where digital maturity varies greatly. Many existing studies focus on linear supply chains,
restricting the depth of insights directly applicable to circular models. The rapidly evolving nature of Al technologies also
means that some findings may quickly become outdated as newer tools and techniques emerge. Furthermore, the
conclusions' generalizability is limited by the paucity of real-world case studies on Al-enabled circular operations under
true BANI conditions.

5  Methodological Limitations

The study employs predictive modeling and thematic synthesis utilizing secondary datasets, which may inadequately
reflect contextual variations or operational complexities inherent in real-world circular supply chains. The precision of
predictive models relies on the quality, comprehensiveness, and organization of the available data, which may lead to bias.
Scenario simulations, although effective in demonstrating resilience dynamics, are simplified representations of real BANI
disruptions. Additionally, the conceptual framework is interpretative and lacks empirical validation via primary data or
field experimentation.

6  Conclusion

This study demonstrates that Al-driven predictive analytics plays a transformative role in strengthening circular supply
chains operating within BANI (Brittle, Anxious, Nonlinear, Incomprehensible) environments. Supply chains can anticipate
disruptions, optimize inventory and return cycles, and simplify reverse logistics by integrating machine learning models,
real-time data systems, and predictive simulations. The findings validate the central hypothesis that Al enhances both
efficiency and resilience by shifting operations from reactive responses toward proactive, regenerative, and self-correcting
systems. The proposed conceptual framework further illustrates how predictive analytics, circular operations, resilience
feedback loops, and organizational enablers collectively support adaptive decision-making. While organizational readiness
and data maturity remain critical determinants of successful implementation, the evidence suggests that Al-enabled circular
supply chains are better equipped to withstand volatility, reduce waste, and create long-term sustainability value. The study
contributes a structured pathway for organizations seeking to transition toward intelligent, circular, and future-ready supply
chain architectures.

References

[1] C. Kiihl, M. Bourlakis, E. Aktas, and H. Skipworth, “How does servitisation affect supply chain circularity?—A
systematic literature review,” J. Enterp. Inf. Manag., vol. 33, no. 4, pp. 703—728, 2020.

[2] M. Farooque, A. Zhang, M. Thiirer, T. Qu, and D. Huisingh, “Circular supply chain management: A definition
and structured literature review,” J. Clean. Prod., vol. 228,

http:/ljier.org 2397



Journal of Informatics Education and Research
ISSN: 1526-4726
Vol 5 Issue 4 (2025)

[3]

[4]

[3]

[6]

[7]

[8]

[9]

[10]

[11]

[12]

[13]

[14]

[15]

[16]

[17]

[18]

[19]

[20]

http:/ljier.org

pp. 882-900, 2019.

J. M. F. Mendoza, M. Sharmina, A. Gallego-Schmid, G. Heyes, and A. Azapagic, “Integrating backcasting and
eco-design for the circular economy: The BECE framework,” J. Ind. Ecol., vol. 21, no. 3, pp. 526-544, 2017.

E. B. Tirkolaee, S. Sadeghi, F. M. Mooseloo, H. R. Vandchali, and S. Aeini, “Application of machine learning in
supply chain management: a comprehensive overview of the main areas,” Math. Probl. Eng., vol. 2021, no. 1, p.
1476043, 2021.

Y. Kazancoglu, M. Sagnak, S. K. Mangla, M. D. Sezer, and M. O. Pala, “A fuzzy based hybrid decision framework
to circularity in dairy supply chains through big data solutions,” Technol. Forecast. Soc. Change, vol. 170, p.
120927, 2021.

B. L. Oluleye, D. W. M. Chan, and P. Antwi-Afari, “Adopting Artificial Intelligence for enhancing the
implementation of systemic circularity in the construction industry: A critical review,” Sustain. Prod. Consum.,
vol. 35, pp. 509-524, 2023.

S. Bag and J. H. C. Pretorius, “Relationships between industry 4.0, sustainable manufacturing and circular
economy: proposal of a research framework,” Int. J. Organ. Anal., vol. 30, no. 4, pp. 864898, 2022.

S. Bushuyev, I. Chumachenko, A. Galkin, D. Bushuiev, and N. Dotsenko, “Sustainable development projects
implementing in BANI environment based on Al tools,” Sustainability, vol. 17, no. 6, p. 2607, 2025.

J. P. Onoja and O. A. Ajala, “Al-driven project optimization: A strategic framework for accelerating sustainable
development outcomes,” GSC Adv. Res. Rev., vol. 15, no. 01,
pp. 158-165, 2023.

A. Luque, A. De Las Heras, M. J. Avila-Gutiérrez, and F. Zamora-Polo, “ADAPTS: An intelligent sustainable
conceptual framework for engineering projects,” Sensors, vol. 20, no. 6, p. 1553, 2020.

C. Wilson and M. Van Der Velden, “Sustainable Al: An integrated model to guide public sector decision-making,”
Technol. Soc., vol. 68, p. 101926, 2022.

1. Kulkov, J. Kulkova, R. Rohrbeck, L. Menvielle, V. Kaartemo, and H. Makkonen, “Artificial intelligence-driven
sustainable development: Examining organizational, technical, and processing approaches to achieving global
goals,” Sustain. Dev., vol. 32, no. 3, pp. 2253-2267, 2024.

Q. Sun, “Research on the influencing factors of reverse logistics carbon footprint under sustainable development,”
Environ. Sci. Pollut. Res., vol. 24, no. 29, pp. 22790-22798, 2017.

E. S. Monteiro, R. da Rosa Righi, J. L. V. Barbosa, and A. M. Alberti, “APTM: A model for pervasive traceability
of agrochemicals,” Appl. Sci., vol. 11, no. 17, p. 8149, 2021.

E. L. Zec, O. Mogren, A.-C. Mellquist, S. Fallahi, and P. Algurén, “Residual value prediction using deep learning,”
in 2022 IEEE international conference on big data (Big Data), IEEE, 2022, pp. 4560—4567.

S. P. Gayialis, E. P. Kechagias, G. D. Konstantakopoulos, and G. A. Papadopoulos, “A predictive maintenance
system for reverse supply chain operations,” Logistics, vol. 6, no. 1, p. 4, 2022.

A. Zacharaki et al., “RECLAIM: Toward a new era of refurbishment and remanufacturing of industrial
equipment,” Front. Artif. Intell., vol. 3, p. 570562, 2021.

C. Briese, M. Schliiter, J. Lehr, K. Maurer, and J. Kriiger, “Towards deep learning in industrial applications taking
advantage of service-oriented architectures,” Procedia Manuf., vol. 43, pp. 503-510, 2020.

J. Lehr, M. Schliiter, and J. Kriiger, “Decentralised identification of used exchange parts with a mobile application,”
Int. J. Sustain. Manuf., vol. 4, no. 2—4, pp. 150-164, 2020.

P. Stavropoulos, A. Papacharalampopoulos, L. Athanasopoulou, K. Kampouris, and P. Lagios, “Designing a

2398



Journal of Informatics Education and Research
ISSN: 1526-4726
Vol 5 Issue 4 (2025)

[21]

[22]

[23]

[24]

[25]

[26]

[27]

[28]

[29]

[30]

[31]

[32]

[33]

[34]

[35]

[36]

[37]

http:/ljier.org

digitalized cell for remanufacturing of automotive frames,” Procedia CIRP, vol. 109, pp. 513-519, 2022.

M. Schliiter et al., “Al-enhanced identification, inspection and sorting for reverse logistics in remanufacturing,”
Procedia CIRP, vol. 98, pp. 300-305, 2021.

H. Lickert, A. Wewer, S. Dittmann, P. Bilge, and F. Dietrich, “Selection of suitable machine learning algorithms
for classification tasks in reverse logistics,” Procedia CIRP, vol. 96, pp. 272-277, 2021.

A. Brintrup et al., “Supply chain data analytics for predicting supplier disruptions: a case study in complex asset
manufacturing,” Int. J. Prod. Res., vol. 58, no. 11, pp. 3330-3341, 2020.

P. Suwignjo, L. Panjaitan, A. Baihaqy, and A. Rusdiansyah, “Predictive analytics to improve inventory
performance: A case study of an FMCG Company,” Oper. Supply Chain Manag. An Int. J., vol. 16, no. 2, pp.
293-310, 2023.

P. R. C. Gopal, N. P. Rana, T. V. Krishna, and M. Ramkumar, “Impact of big data analytics on supply chain
performance: an analysis of influencing factors,” Ann. Oper. Res., vol. 333, no. 2, pp. 769797, 2024.

K. M. Alfawaz and A. A. Alshehri, “Applying artificial intelligence in supply chain management,” Commun.
Math. Appl., vol. 13, no. 1, p. 367, 2022.

R. Toorajipour, V. Sohrabpour, A. Nazarpour, P. Oghazi, and M. Fischl, “Artificial intelligence in supply chain
management: A systematic literature review,” J. Bus. Res., vol. 122, pp. 502517, 2021.

W. Leal Filho et al., “Using artificial intelligence to implement the UN sustainable development goals at higher
education institutions,” Int. J. Sustain. Dev. World Ecol., vol. 31, no. 6, pp. 726745, 2024.

B. Ferreira and J. Reis, “Artificial intelligence in supply chain management: a systematic literature review and
guidelines for future research,” in International Joint conference on Industrial Engineering and Operations
Management, Springer, 2023, pp. 339-354.

K. Rakhshan, J.-C. Morel, and A. Daneshkhah, “Predicting the technical reusability of load-bearing building
components: A probabilistic approach towards developing a Circular Economy framework,” J. Build. Eng., vol.
42, p. 102791, 2021.

1. Kazancoglu, M. Ozbiltekin-Pala, S. K. Mangla, A. Kumar, and Y. Kazancoglu, “Using emerging technologies to
improve the sustainability and resilience of supply chains in a fuzzy environment in the context of COVID-19,”
Ann. Oper. Res., vol. 322, no. 1, pp. 217-240, 2023.

A. Belhadi, V. Mani, S. S. Kamble, S. A. R. Khan, and S. Verma, “Artificial intelligence-driven
innovation for enhancing supply chain resilience and performance under the effect of supply chain dynamism: an
empirical investigation,” Ann. Oper. Res., vol. 333, no. 2, pp. 627-652, 2024.

S. Mukherjee, M. M. Baral, R. Nagariya, V. Chittipaka, and S. K. Pal, “Artificial intelligence-based supply chain
resilience for improving firm performance in emerging markets,” J. Glob. Oper. Strateg. Sourc., vol. 17, no. 3, pp.
516-540, 2024.

M. A. Yamin, S. D. Almuteri, K. J. Bogari, and A. K. Ashi, “The influence of strategic human resource
management and artificial Intelligence in determining supply chain agility and supply chain resilience,”
Sustainability, vol. 16, no. 7, p. 2688, 2024.

S. Modgil, S. Gupta, R. Stekelorum, and I. Laguir, “Al technologies and their impact on supply chain resilience
during COVID-19,” Int. J. Phys. Distrib. Logist. Manag., vol. 52, no. 2, pp. 130-149, 2022.

M. Wilson, J. Paschen, and L. Pitt, “The circular economy meets artificial intelligence (Al): Understanding the
opportunities of Al for reverse logistics,” Manag. Environ. Qual. An Int. J., vol. 33, no. 1, pp. 9-25, 2022.

G. C. de Oliveira Neto, S. A. de Araujo, R. A. Gomes, D. H. Alliprandini, F. R. Flausino, and M. Amorim,
“Simulation of electronic waste reverse chains for the sao paulo circular economy: An artificial intelligence-based
approach for economic and environmental optimizations,” Sensors, vol. 23, no. 22, p. 9046, 2023.

2399



Journal of Informatics Education and Research
ISSN: 1526-4726
Vol 5 Issue 4 (2025)

[38]

[39]

[40]

[41]

[42]

[43]

[44]

http:/ljier.org

S. Mukherjee, R. Nagariya, K. Mathiyazhagan, M. M. Baral, M. R. Pavithra, and A. Appolloni, “Artificial
intelligence-based reverse logistics for improving circular economy performance: a developing country
perspective,” Int. J. Logist. Manag., vol. 35, no. 6, pp. 1779-1806, 2024.

B. Mosallanezhad, F. Gholian-Jouybari, L. E. Cardenas-Barron, and M. Hajiaghaei-Keshteli, “The IoT-enabled
sustainable reverse supply chain for COVID-19 Pandemic Wastes (CPW),” Eng. Appl. Artif. Intell., vol. 120, p.
105903, 2023.

E. Sutrisno et al., “Design of half-mode substrate integrated cavity inspired dual-band antenna,” IEEE Access, vol.
2,no0. 1, pp. 1-6, Jan. 2020, doi: 10.1007/978-3-031-09835-2_16.

N. Ali et al., “Fusion-based supply chain collaboration using machine learning techniques,” Intell. Autom. Soft
Comput., vol. 31, no. 3, pp. 1671-1687, 2022.

S. Tyagi, “Analytics in healthcare supply chain management in the new normal era: a review and future research
agenda,” Benchmarking An Int. J., vol. 31, no. 6, pp. 2151-2175, 2024.

I. Lee and G. Mangalaraj, “Big data analytics in supply chain management: A systematic literature review and
research directions,” Big data Cogn. Comput., vol. 6, no. 1, p. 17, 2022.

M. H. Sazu and S. A. Jahan, “The impact of big data analytics on supply chain management practices in fast
moving consumer goods industry: evidence from developing countries,” Int. J. Bus. Reflections, vol. 3, no. 1,
2022.

2400



